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Passive Acoustic Monitoring of Cetaceans

Passive acoustic monitoring (PAM) is used increasingly by the scientific community to
study, survey and census marine mammals, especially cetaceans, many of which are
easier to hear than to see. PAM is also used to support efforts to mitigate potential
negative effects of human activities such as ship traffic, military and civilian sonar and
offshore exploration.

Walter Zimmer provides an integrated approach to PAM, combining physical princi-
ples, discussion of technical tools and application-oriented concepts of operations. In
addition, relevant information and tools necessary to assess existing and future PAM
systems are presented, with MATLAB® code used to generate figures and results so that
readers can reproduce data and modify code to analyse the impact of changes. This
allows the principles to be studied while discovering potential difficulties and side
effects. Aimed at graduate students and researchers, the book provides all information
and tools necessary to gain a comprehensive understanding of this interdisciplinary
subject.

Walter M. X. Zimmer holds a Ph.D. in theoretical physics from the University of
Regensburg, Germany. He is currently a Scientist in the Applied Research Department
of the NATO Undersea Research Centre (NURC) in La Spezia, Italy, and a Guest
Investigator at the Biology Department of the Woods Hole Oceanographic Institution
(WHOI), Woods Hole, MA, USA.
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Introduction

Since antiquity humans have been fascinated by whales and dolphins. They were
attracted by the social behaviour and apparent curiosity of dolphins, which resulted
in frequent interaction with humans. Myths were generated, especially around large
whales, which behaved differently from other sea fauna. Even if early research on whales
may have been driven by the economic interests of the whaling industry, the widespread
recognition that whales, dolphins and porpoises are marine mammals significantly
changed the scientific impetus. In fact, cetaceans (whales, dolphins and porpoises),
together with the sirenians (manatees and dugongs), are the only mammals that live all
their life in the sea. For an air-breather, living in the water is a continuous challenge and
as such marine mammals deserve our respect and our protection. Consequently, in
addition to a pure interest in knowledge, scientific research increasingly studies marine
mammals to support their conservation and protection.

Studying the life of marine mammals is a challenge for scientists, who may prefer
a laboratory environment to the sometimes hostile sea, and most research in the past
was limited to observations of surface behaviour. Only a few scientists were properly
equipped to study the underwater behaviour of marine mammals. Studying pinnipeds
(seals, sea lions and walruses) and sirenians was somewhat easier as these animals are
sometimes accessible near shore: pinnipeds spend some time on land and sirenians live
in very shallow water or rivers. Most cetacean species, however, occupy the vast areas of
the oceans of the world. Living all their life in water, cetaceans have not only adapted
their lifestyle, but have also modified the way in which they interact with each other and
with the environment. In particular, cetaceans’ sound generation and auditory systems
evolved and adapted to their new environment, basing their daily life mainly on acous-
tics. Apart from being essential for cetaceans, this use of sound allows human researchers
to eavesdrop and to study cetacean behaviour from a distance.

Although cetaceans are found in all oceans, they are highly mobile and most species
that are of special concern to environmental management or are of public concern could
be considered as rare or elusive. Classic cetacean surveys have used visual (sighting)
methods to detect the animals, but there is growing recognition that many species of
interest are easier to hear than to see. Owing to technological progress, there is now
increasing awareness in the biology community about the usefulness of passive acoustic
monitoring (PAM) for the study of cetaceans in their natural environment. PAM is a good
technique for surveying and studying cetaceans, not only because they frequently use
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sound for their day-to-day activities, but also because acoustics is so far the only tool
that allows the study of submerged animals that are not visible to human observers and
does not interfere with the animals’ behaviour if properly implemented. PAM is expected
to improve researchers’ overall capability to monitor the temporal and spatial behaviour
of cetaceans and therefore their habitat usage.

Monitoring cetaceans acoustically requires that the animals be detected acoustically.
Cetaceans can be detected acoustically, not only by listening for sounds emitted by the
animals (passive acoustic detection) but also by using whale-finding sonar to listen for
echoes reflecting from the animal (active acoustic detection). Whale-finding sonar
systems do not require the whale to make a sound, but to be effective they must produce
substantial sound energy to obtain detectable echoes. This is because the sound has to
travel twice the distance from the sonar to the whale and the whale reflects only a part of
the sound energy back to the active sonar. While some success in detecting baleen whales
with active sonar has been reported (e.g. Lucifredi and Stein, 2007), the feasibility of
active acoustic detection has not yet been demonstrated for deep-diving whales and the
increased sound energy required to detect these species may generate additional risks
to the well-being of the animals. Passive acoustic monitoring (PAM), on the other hand,
is based on listening to the acoustic output from whales without interfering with the
animals’ behaviour.

PAM is not only important to survey and census of marine mammals, but also an
essential ingredient in efforts to mitigate potential negative effects of human activities
(ship traffic, offshore exploration, military and civilian sonar, etc.) on marine mammals.
One of the expectations for successful marine mammal risk mitigation is that PAM
becomes an affordable technology, allowing a more or less continuous survey of acous-
tically active cetaceans, especially in remote or hostile marine environments.

The successful application of PAM requires both appropriate technology and
operational concepts. Although the impact of technology or system parameters (e.g.
self-noise, array gain, processing bandwidth and gain) is easy to assess, the impact of
operational concepts is more difficult to quantify, because it depends on the behaviour
of whales, dolphins and porpoises as well as environmental characteristics. Other
operational constraints include the mobility of the PAM system (whether it should be
moored, allowed to float, or be towed from a ship). A range of biological and oceano-
graphic parameters will influence the number of sensors necessary to obtain the required
success rate and confidence level. The design of the sonar systems will also depend on the
objective of PAM: a system designed for abundance estimation may have very different
requirements from one that is tuned for risk mitigation, in which failure to detect a whale
that is present could constitute a failure of the PAM system.

The initial stimulus for compiling this book resulted from my involvement in passive
acoustic detection/monitoring of deep-diving toothed whales, especially beaked whales,
to support the risk mitigation of anthropogenic activities. Although PAM as application
is rather new in cetacean research, the use of passive acoustics is well established in
ocean engineering. As an interdisciplinary subject, successful PAM combines physics,
technology and biology and requires an integrated presentation.
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The object of this book is therefore to provide an integrated approach to PAM,
combining the required physical principles with discussions of the available technolog-
ical tools and an analysis of application-oriented concepts of operations. In particular, the
reader of the book should be enabled to understand the physical basics behind PAM, its
technological implementation and its operational use. The book is aimed at students,
researchers and professionals who are interested in cetaceans and want to understand the
concepts behind PAM, or who may need to implement PAM. As such, the book provides
all relevant information and tools necessary to assess existing and future PAM systems.
By addressing most aspects of PAM systems, the book may also function as a framework
for alternative approaches.

The book is divided into ten chapters organized into three parts that correspond
roughly to three major academic disciplines:

* Underwater acoustics
* Signal processing
* Ecology

Underwater acoustics is a well-documented subject (e.g. Urick, 1983; Medwin and Clay,
1998; Lurton, 2002; Medwin et al., 2005) and this book tries to synthesize the subject
matter by relating the presentation to PAM.

Signal processing is also the subject of a vast list of books and publications; the
recent book by Au and Hastings (2008) on bioacoustics addresses some key methods.
Here, I try to synthesize the signal processing techniques that are relevant to PAM, with
special attention to techniques that have recently been proposed for the detection and
classification of marine mammals. The text is based on some examples of sound record-
ings, and develops different signal processing algorithms. The reader is, however, invited
to consult the literature to learn about alternative techniques or to use the data for his or
her own signal processing schemes.

The applications of PAM to detect cetaceans are part of ecology and the description of
PAM operation follows closely what is published in this field. Of particular help were the
textbooks by Southwood and Henderson (2006) on ecological methods, by Thompson
(2004) on sampling rare or elusive species, and the standard texts on distance sampling
by Buckland et al. (2001, 2004). Here I try to present some of the methods that are, or
may become, relevant to PAM applications.

A common feature of all chapters in this book is the explicit use of Matlab code
(Matlab® version 7.5.0) to generate the various figures and results. Although this is not a
book about programming Matlab, I tried, nevertheless, to include Matlab code fragments
throughout the book with the purpose of complementing the information presented
(plain text, equations, figures) with realistic and practical examples. In fact, the reader
should not only be put in the position of being able to reproduce the presented results,
but also be enabled to modify the code and to analyse the impact of his or her changes.
This type of ‘learning by doing’ will allow the reader to study the principles and to
discover potential difficulties and side effects of the method presented. To facilitate
this hands-on approach, both data and Matlab code that are reproduced in the book,
together with some additional scripts, are available for download from the book’s
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website: www.cambridge.org/9780521193429. When reading a particular chapter of the
book, the reader is therefore invited to locate the related MATLAB® script and to try to
understand the different MATLAB® instructions and to compare them with the mathe-
matical formulation; it is always advisable to utilize the built-in MATLAB® help system
when confronted with new matlab instructions. The reader may further check www.
wmxz.eu for additional information, new datasets, updated MATLAB® scripts, discus-
sions, and future PAM developments.

The data used in this book were provided by different marine mammal researchers for
the scope of this book. Any further use of the data requires the consent of the scientist
who originated the data.

4 Introduction



Part I

Underwater acoustics (the basics)

Part I should provide the basic knowledge of underwater acoustics that is needed for the
remaining part of the book. Although the word acoustics was originally associated with
the sound properties of rooms, its usage is here broadened to include wave phenomena in
media other than air, and frequencies other than those audible to the human ear.

The first chapter summarizes the notations and basic concepts of underwater sound
with a bias towards the needs of the remaining chapters. The purpose of the second
chapter is twofold, namely to introduce the sounds of interest, i.e. the sounds made by
different cetaceans, and to develop techniques that are suited to describing the different
sound categories. The third chapter presents and discusses all the components of the
sonar equation, which is the workhorse of sonar design and performance analysis; I focus
on the passive sonar equation, which is the version that is relevant for PAM.
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1 Principles of underwater sound

The objective of this chapter is to provide the notation and basic concepts of underwater
sound that may be found useful for understanding both the description of cetacean sound
and the use of the sonar equation. The approach should be complete enough without
going into too much detail, but should provide the basis, in terms of concept and notation,
to support the discussion of the remainder of the book. As this chapter can be considered
as a general introduction to underwater sound, it synthesizes various textbooks and
presents the information in the context of PAM, covering the following subjects:

Sound as a pressure wave and the wave equation
Measuring underwater sound (the decibel scale)
Sound velocity models and profiles
Sound propagation
Sound as an information carrier, disturbance or noise

1.1 Sound as a pressure wave

Historically, the term sound was used to describe pressure waves in air and that are
audible by humans (Randall, 1951), but in this book, I will follow the recent custom in
underwater acoustics and use the word sound to describe all pressure waves that are
generated by an initial pressure fluctuation irrespective of frequency and media in which
the sound waves propagate.

1.1.1 Wave equation

The wave equation is one of the most important equations in physics. It is of such
importance that it merits a detailed derivation. In fact, all textbooks in physics and most
books in oceanography go into lengthy derivations of the wave equation (e.g. Randall,
1951; Kinsler et al., 2000; Medwin and Clay, 1998). The derivation of the wave equation
from more basic physical principles depends mainly on the media in which the waves
propagate and may be straightforward or somewhat complicated. However, it is the
beauty of the wave equation that in the end its notation is independent of the physical
phenomenon (acoustic wave, sea surface waves, electromagnetic waves, etc.) and the
media in which the wave is propagating (gas, liquid, solid, etc.).
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The propagation of waves is related to one of the fundamental principles in physics,

Newton’s second law of motion, which states that ‘a change in motion is proportional to

the motive force impressed and takes place along the straight line in which the force is

impressed’ (Newton, quoted after Crease, 2008).
In mathematical terms, a modern form of this equation of motion of an object is

given by

d

dt
ðmuÞ ¼ F (1:1)

where m is the mass (measured in kg) of the object, which in principle could vary with

time (e.g. rockets), u is the speed of the object (measured in m/s), and F is the total force

acting on the object (measured in kg m/s2). The term
d

dt
(mu) denotes the temporal change

of the product of mass m and speed u; the product mu is also known as the momentum

of the object. For constant m, Newton’s second law is better known in the form ma ¼ F,

where a ¼ d

dt
u represents the derivative of speed with respect to time, i.e. the acceleration

of the object.
Equation 1.1 is written in a way that indicates that both u and F are simple numbers, or

scalars. This is appropriate if the force Fmay be described by a single number. Typically,

such a scalar notation is used when the force is acting along a single dimension of the real

world, say only vertically, or in a single horizontal direction. In the case of an arbitrary

three-dimensional description of the force, that is, where we have the force described by

components in x, y, z directions (for a Cartesian co-ordinate system), we should have a set

of three different equations. However, in such cases it is common to adopt a vector

notation combining all directional equations so that assuming constant mass m

Equation 1.1 may be written as

d

dt
u ¼ 1

m
F (1:2)

where u = (ux, uy, uz) and F = (Fx, Fy, Fz) denoting the x, y, z components of speed vector

u and force vector F. We use bold characters to describe vectors to distinguish from

scalars.
In other words, Equation 1.2 is nothing more than the compact notation of the three

equations of motion that are needed to describe the response of an object to a force that is

given in Cartesian co-ordinates by

d

dt
ux ¼ 1

m
Fx

d

dt
uy ¼ 1

m
Fy

d

dt
uz ¼ 1

m
Fz

(1:3)

If we were to describe the force in spherical co-ordinates, that is, we measure the force in

the radial direction R, along azimuth and elevation angles (θ, φ):
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F = (FR, Fθ, Fφ), then we obtain

d

dt
uR ¼ 1

m
FR

d

dt
uθ ¼ 1

m
Fθ

d

dt
u’ ¼ 1

m
F’

(1:4)

By adapting a vector notation in Equation 1.2, we obtain not only a more compact
formula but also a notation that does not depend on the underlying implementation, that
is, the notation does not depend on the way in which we measure the forces and speeds in
reality.

Newton’s second law is valid for all moving objects. Therefore, it also applies to the
motion of small particles that are displaced by some forces in a given medium, keeping
the surroundings constant. In order to displace particles in this way the medium must be
compressible. This is the case for gas, but also for liquids and even solids, although, of
course, gases are more easily compressed than liquids or solids.

Without any forces applied to particles, none of the particles within a gas should
change its speed, according to Newton’s second law. We empirically know that actual
gases cannot exist without any forces, as the gas molecules in a given volume are
continuously changing their direction due to collisions and that there are gravitational
forces acting not only on the gas, but also between the gas molecules, holding the gas
together. The collisions between the gas molecules are typically described by the pressure
of the gas, where high pressure indicates high collision rates. Real gases are therefore
characterized by quantities such as pressure, volume and temperature, which build the
basis of thermodynamics, a very successful physical discipline.

To generate a sound wave we have to disturb the pressure equilibrium by exerting
an additional force P, measured in N/m2 (newtons per square metre). By forcefully
displacing particles in a medium, say a gas, we create in general a situation where the
pressure of the gas has been locally changed. That is, we create a pressure gradient within
the medium. If the displacement force is removed, then we expect the gas particles to
return to their (dynamic) equilibrium.

This restoring force of a pressure gradient is given by

F ¼ �VrP (1:5)

whereV ¼ mρ is the volume of a small parcel of air with density ρ on which the pressure
gradientrP acted. The operatorr is called the Nabla operator and describes the spatial
gradient, which in our case states how the pressure P varies in x, y, z directions, that is

rP ¼ dP

dx
;
dP

dy
;
dP

dz

� �
.

With Equation 1.5, Newton’s second law becomes, in terms of the pressure gradient,

d

dt
u ¼ � 1

ρ
rP (1:6)
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that is, the particle velocity u is in opposite direction to the pressure gradient rP.
Combining the equation of motion (1.6) with the equation of continuity, which is given

in Cartesian co-ordinates by

1

ρ

d

dt
ρþ d

dx
ux þ d

dy
uy þ d

dz
uz ¼ 0 (1:7)

we obtain an equation that relates the changing gas density to the changing pressure:

d2

dt2
ρ ¼ d2

dx2
Pþ d2

dy2
Pþ d2

dz2
P (1:8)

As
d

dt
ρ is the rate at which the density is changing due to external forces and

d

dx
P is the

pressure gradient along the x-axis, Equation 1.8 says simply that the temporal change in
the density rate is given by the spatial variation of the pressure gradient.

Equation 1.8 is presented in Cartesian co-ordinates and, similar to Equation 1.5, we
introduce a notation free of the co-ordinate system by denoting

r2P ¼ d2

dx2
Pþ d2

dy2
Pþ d2

dz2
P (1:9)

where r2 is also called the Laplacian operator, so that

d2

dt2
ρ ¼ r2P (1:10)

In order to complete the derivation of the wave equation we need a relation between
pressure and density. Without going into the specifics of the different media (gas, liquid),
we express the pressure in the medium as a function f of the density ρ

P ¼ fðρÞ (1:11)

and assume that variations (denoted by the symbol δ) in pressure are linearly proportional
to variations in density

δP ¼ c2ðδρÞ (1:12)

We use c2 to indicate that the proportionality constant is positive and that the pressure
always increases with increasing density. Consequently, we obtain

d2

dt2
P ¼ c2

d2

dt2
ρ (1:13)

and after inserting Equation 1.13 in Equation 1.10 we obtain the wave equation, which in
terms of pressure reads

d2

dt2
P ¼ c2r2P (1:14)

Equation 1.14 is the general wave equation, which relates the temporal variation of the
local pressure to the spatial differences in the surrounding pressure field. The spatial
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differences are described by the Laplacian operatorr2, the form of which depends on the
co-ordinate system chosen for the application.

In cases where there is complete spherical symmetry around the location of interest we
obtain the wave equation by using the Laplacian operator in spherical coordinates, which,
maintaining only derivatives with respect to radius vector r, becomes

r2 ¼ ∂2

∂r2
þ 2

r

∂
∂r

� �
(1:15)

yielding, after some manipulations, the spherical wave equation

d2 rPð Þ
dt2

¼ c2
∂2 rPð Þ
∂r2

(1:16)

This spherical wave equation plays an important role in underwater acoustics as the
ocean is in general very large compared with the sound source and over reasonable
distances complete spherical symmetry applies. In addition, the spherical wave equation
is a one-dimensional wave equation (depending only on range r), simplifying the analysis
significantly.

1.1.2 The solution of the wave equation

To solve the wave equation we consider the spherical wave equation

d2 rPð Þ
dt2

¼ c2
∂2 rPð Þ
∂r2

(1:17)

and note that its general solution is given by the relation

rP ¼ f ðct� rÞ (1:18)

for any function f that depends purely on the argument ct� rð Þ.
That Equation 1.18 is the solution of Equation 1.17 can be easily verified by differ-

entiating the function f twice with respect to time t and radius r:

d2

dt2
f ðct� rÞ ¼ c2f ðct� rÞ

∂2

∂r2
f ðct� rÞ ¼ f ðct� rÞ

(1:19)

which, after insertion into Equation 1.17, obviously solves this equation.
This general solution (Equation 1.18) includes both outgoing (minus sign) and

incoming waves (plus sign). Considering only outgoing or diverging waves we write,
for the pressure,

P ¼ 1

r
f ðct� rÞ (1:20)

and note that, independent of function f, the decrease of pressure P is inversely propor-
tional to the range r.

Sound as a pressure wave 11



The solution of the wave equation relates distance r to time t via the constant c,
indicating that this constant c describes the speed at which the disturbance travels in the
acoustic medium. For this reason, it is appropriate to call c the wave velocity or sound
speed; Equation 1.12, which introduces c, may therefore be considered as the defining
equation of the sound speed.

Caveat
The wave equation, as given in Equation 1.14, describes the propagation of a distur-
bance within an acoustic medium; it does not describe the generation of sound and the
coupling of the sound generator to the acoustic medium. For a mathematically correct
generic description, the wave equation should be augmented by an additional term
describing an external force that disturbs the acoustic medium. In other words, the wave
equation 1.14 describes the physics of the pressure wave only after external forces have
been switched off.

Example In the following example, we demonstrate how an arbitrary disturbance
propagates through an acoustic medium. For this, we assume that the pressure disturbance
f may be approximated by a Gaussian function

f ðr� ctÞ ¼ P0 exp � 1

2

ct� r

σ

� �2� �
(1:21)

where P0 is the maximum amplitude and σ is a measure of the width of the Gaussian
disturbance. To ‘see’ how the disturbance propagates through an acoustic medium we
simulate the whole process on the computer. For this simulation, we use a short Matlab
script to model the dynamics of Equations 1.20 and 1.21.

Matlab script
%Scr1_1
r=1:0.1:100; % range in km
t=10:10:50; % time steps in seconds
c=1.5; %sound speed in units of km/s
%
P0=1;
s=2;
%
P=zeros(length(r),length(t)); %pre-allocate pressure vector
%
for ii=1:length(t)

P(:,ii)=P0*exp(-0.5*((c*t(ii)-r)/s).^2)./r; %Eq 1.21
end
%
figure(1)
plot(r,P,'k')
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xlabel('Distance r [km]')
ylabel('Pressure P [rel]')
text(20,0.065,'t=10 s')
text(30,0.036,'t=20 s')
text(45,0.025,'t=30 s')
text(60,0.020,'t=40 s')
text(75,0.016,'t=50 s')

This script defines first a range vector r that varies in steps of 0.1 km from 1 to 100 km.
It defines further a time vector t for which we wanted to plot the pressure of the outgoing
disturbance. As we measure the range in km and the time in seconds, we define next the
wave velocity in km/s. Here we use a value of c = 1.5 km/s, which is a typical value for
sound speed in seawater.

After defining the peak value at unit range (1 km) and setting the sigma of the Gaussian
function, called s in the script, we allocate the memory for the different pressure vectors.
Looping next through all time steps we estimate the pressure for all ranges. The script
ends with plotting the results and labelling the axes and curves.

Executing the script Scr1_1 results in Figure 1.1.
From Figure 1.1 we note that the different Gaussian curves peak at regular spatial

intervals of 15 km, which is to be expected for a sound speed of 1.5 km/s and a temporal
separation of 10 s between consecutive curves.We note further that the peak amplitude of
the curves decreases as time goes on, or the further the curve is from the origin. While, by

Figure 1.1 Displacement of a Gaussian disturbance as a function of time for a spherical wave.
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definition, the peak amplitude at a range of 1 km is at 1.0 (and too large to be plotted in
Figure 1.1), it reduced to about 0.033 after 20 s, where it will be at a range of 30 km and
will be further reduced to 0.01 after 66 s at a range of 100 km. This reduction in pressure
is obviously due to the 1/r term in Equation 1.20 for spherical waves.

1.1.3 Periodic solution to the wave equation

In the previous section, we have seen that the wave equation describes the motion of a
single disturbance of the ambient pressure as a function of time. Next, we introduce the
periodic solution to the wave equation. This solution is appropriate to describe waves, for
example sound waves in air and in water. A standard way to describe a periodic solution
is to introduce a periodic function, for example a cosine function as shown in the next
equation

f ðr� ctÞ ¼ Aðct� rÞ cos 2π
ct� r

λ

n o
(1:22)

where λ describes the periodicity, that is, it measures the distance for which the function
f ðct� rÞ repeats itself and is therefore called the wavelength of the periodic function.
The factorAðct� rÞ is the amplitude of the pressure wave and must also be a function of
ct� rð Þ.
For example: a Gabor pulse is characterized by a Gaussian amplitude function

A r� ctð Þ≡P0 exp � 1

2

ct� r

σ

� �2� �
(1:23)

and therefore the periodic function becomes

f ðr� ctÞ≡P0 exp � 1

2

ct� r

σ

� �2� �
cos 2π

ct� r

λ

� �n o
(1:24)

which we may easily visualize by using a small Matlab script

Matlab script
% Scr1_2
r=0:0.1:35;
c=1.5;
lam=10; %wavelength [km]
sig=4;
t=10;
P0=exp(-1/2*((c*t-r)/sig).^2);
p=P0.*cos(2*pi*(c*t-r)/lam);

figure(1)
plot(r,p,'k')
grid on
xlabel('Range [km]')
ylabel('Pressure [rel]')
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The script differs from the previous script not only in having a different expression for the
pressure function but also in that it estimates the sound pressure only for a single time
t= 10 s but at different ranges.

Executing the script, we obtain Figure 1.2.
Figure 1.2 shows a cosine wave that is modulated with a Gaussian (bell-shape)

function. The pressure is oscillating and is reaching its maximum value at 15 km. The
distance between the two negative peaks is nearly 9 km, somewhat short of the nominal
wavelength, and this is due to the Gaussian amplitude function that modifies the cosine
waveform. As all range units are in km, the modelled wavelength λ is 10 km.

TheGabor pulse plays an important role in underwater bioacoustics as bottlenose dolphins
(Tursiops truncatus) emit echolocation clicks that present a similar shape and for which
Gabor pulses seem to be reasonable models (Au, 1993). Only the wavelength is different.

1.1.4 Wavelength frequency relation

When we inspect Equation 1.22, we note that the argument of the cosine term is
dimensionless, as it should be, but it is written using the wavelength as divisor. An
alternative notation replaces the division by a multiplication

f ðr� ctÞ ¼ Aðct� rÞ cos ωt� krð Þ (1:25)

Figure 1.2 Periodic solution of the wave equation for a Gaussian amplitude function
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where we used k ¼ 2π

λ
, which is called the wave number and is measured in units of m−1,

and ω ¼ 2π
c

λ

� �
, which is called the angular frequency and is measured in radians/s.

Typically, we will not use the angular frequency but keep the factor 2π separate and

define the wave frequency by f ¼ c

λ
, which is measured in s−1 or Hz (Hertz).

The solution of the wave equation as given in Equation 1.25 is valid for one-
dimensional problems (including pure spherical waves that depend only on one dimen-

sion, the distance from the wave origin). A more general solution allows k and r to
be vectors (e.g. kx, ky, kz and rx, ry, rz in Cartesian co-ordinates), that is, we replace

Equation 1.25 by

f ðct� rÞ ¼ Aðct� rÞ cos ωt� krð Þ (1:26)

with kr = kxrx+ky ry+kz rz (again in Cartesian co-ordinates) and r being the range vector

with length r ¼ rj j ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r2x þ r2y þ r2z

q
Very often, it is mathematically more convenient to describe the periodic wave

solution in complex vector notation

f ðct� rÞ ¼ Aðct� rÞ exp i ωt� krð Þf g (1:27)

where the acoustic pressure P is obtained by using only the real part of the wave solution

fðct� rÞ.

1.1.5 Acoustic impedance

Let us consider the general solution of an outgoing planar wave propagating in the x
direction, that is, the y and z components of the wave equation are assumed to be zero. Let

us further assume that the local particle speed u satisfies the wave equation, that is:
u ¼ u ct� xð Þ, then by differentiating the solution of the wave equation with respect to

time and range and after combining the two terms we obtain

d

dt
u ct� xð Þ ¼ �c

d

dx
u ct� xð Þ (1:28)

As the one-dimensional version of Equation 1.6 may be written as

ρ
d

dt
u ¼ � ∂

∂x
P (1:29)

we obtain

∂
∂x

P ¼ ρc
d

dx
u (1:30)

and after integration

P ¼ Zu (1:31)

where we define Z ¼ ρc.
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In analogy to Ohm’s law, with the particle velocity replacing the electric current and
the pressure replacing the electric voltage, the quantity Z may be called the acoustic
impedance and is measured in N s/m3 (Newton seconds per cubic metre).

The acoustic impedance may in general be a complex number and is only a real
number if pressure and particle velocity are in phase, that is, if a change in pressure results
immediately in a change in particle velocity. This is typically the case for plane waves
where we have P ¼ ρ0cð Þu and therefore

Z0 ¼ ρ0c (1:32)

Z0 is called the characteristic acoustic impedance and describes the characteristics of the
propagation medium for plane waves. ρ0 is the mean density of the propagation medium.

Example Let us consider two media where sound propagation is of general importance,
air and seawater. In air at 20 ºC we find the characteristic acoustic impedance to be
Z0 air ¼ 415N s/m3 and in seawater at 13 ºC the value is Z0 water =1.540 × 10

6 N s/m3,
that is, the characteristic acoustic impedance in seawater is about 3710 times the value
in air.

In terms of Equation 1.31, we can also say that for a given particle velocity the acoustic
pressure in seawater will be about 3710 times higher than in air, or equivalently, to reach
the same acoustic pressure the particle velocity in seawater can be 3710 times smaller
than in air. Air is a soft and water is a harder medium and, using the electric analogy
again, water is a better conductor of sound waves than air is.

1.1.6 Plane wave approximation to spherical waves

Recalling Equation 1.6 and applying it to spherical waves represented by

P ¼ A

r
exp iðωt� krÞf g, we obtain by integration for the particle velocity

u ¼ 1

ρ0

1

r
þ ik

� �
P

iω
¼ 1

ρ0c
1� i

kr

� �
P (1:33)

We note that the acoustic impedance is now a complex number, but that the imaginary
part vanishes for kr >> 1, indicating that for values of r that are significantly larger than
the wavelength λ, spherical waves also assume the characteristics of a plane wave, as the
particle velocity becomes directly proportional to the sound pressure.

1.1.7 Acoustic intensity

The acoustic intensity I, measured in W/m2, is the acoustic power passing perpendicular
through a unit area, and is the product of acoustic pressure and particle velocity. For a
one-dimensional wave equation this becomes
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Iðx; tÞ ¼ Pðx; tÞuðx; tÞ (1:34)

As sound pressure and particle velocity vary as a function of position x and time t, so does

the acoustic intensity.
If we consider only plane waves then we may use Equation 1.31 to replace the particle

velocity and obtain

Iðx; tÞ ¼ Pðx; tÞ2
ρ0c

(1:35)

As the acoustic impedance in seawater is about 3710 times the acoustic impedance in air,

we conclude from Equation 1.35 that for the same pressure the resulting acoustic

intensity of a plane wave in water is 3710 times lower than the acoustic intensity in air.

1.1.8 Acoustic energy flux

The acoustic energy flux is the amount of acoustic energy flowing perpendicularly

through a unit area. It is measured in terms of W s/m2 (Watt seconds per square metre)

and is obtained by integrating the acoustic intensity I(x,t) over the duration of the sound

wave. Using Equation 1.35 for the acoustic intensity, we obtain for the acoustic energy

flux F(x)

FðxÞ ¼ 1

ρ0c

ð∞
�∞

P2ðx; tÞdt (1:36)

The energy flux is a function of the distance x from the sound source and the integral

covers in general all times fromminus to plus infinity. This may or may not be a problem.

If the signal of interest is limited in time, say t1 < t< t2, then it makes sense to limit the

integration to these times as the signal outside these time windows becomes zero by

definition. In this case, the integral is finite and the acoustic energy flux is well defined. In

cases, however, where the signal of interest is continuous the integral will in general

become infinite, that is, the acoustic energy as estimated by Equation 1.36 becomes

useless.

Example In cases of short transients of acoustic waves, for example Gaussian pulses

(Equation 1.24), the energy flux is estimated by integrating over all times (minus infinity
to plus infinity)

FðxÞ ¼ P2
0

ρ0c

ð∞
�∞

exp � ct� x

σ

� �2� �
cos2 2π

ct� x

λ

� �n o
dt (1:37)

The integral in Equation (1.37) may be estimated in closed form by noting that

cos2 x ¼ 1
2 1þ cosð2xÞð Þ and with the following integral
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ð∞
�∞

exp � ct� x

σ

� �2� �
cos 4π

ct� x

λ

� �n o
dt

¼
ffiffiffi
π

p
σ

c
exp � λ

8πσ

� �2
( ) (1:38)

and using

S0 ¼
ð∞
�∞

exp � ct� x

σ

� �2� �
dt ¼

ffiffiffi
π

p
σ

c
(1:39)

we obtain for the energy flux

FðxÞ ¼ F0 ¼ P2
0

2ρ0c
S0 1þ exp � λ

8πσ

� �2
( )" #

(1:40)

S0 is measured in seconds and is the integral over the shape factor (amplitude squared) of
the waveform, that is, it is proportional to the pulse duration.

1.1.9 Mean acoustic intensity

As said before, the acoustic energy flux is not well defined for cases where the sound is
continuous, as then the time integral (Equation 1.36) becomes infinite. In such situations,
it is more convenient to characterize the sound not by an energy value but by a time-
averaged, mean intensity value that, using an appropriate time window of length T, is
estimated as

�IðxÞ ¼ FðxÞ
T

¼ 1

ρ0c

1

T

ðT
0

A2ðct� xÞ cos2ðωt� kxÞdt (1:41)

where the pressure squared is integrated over the time of interest T. The mean intensity
�IðxÞ will in general be a function of the location x.

Example Let us now assume that the acoustic wave is purely sinusoidal, that is, the
amplitude function Aðct� xÞ ¼ P0 is assumed to be constant

Pðx; tÞ ¼ P0 cosðωt� kxÞ (1:42)

As the acoustic wave is a purely periodic function, it is sufficient to integrate over one
cycle of the waveform t ¼ ½0 � � � 2π� and divide by the length of the period T = 2π.

�IðxÞ ¼ �I0 ¼ P2
0

ρ0c

1

2π

ð2π
0

cos2ðωt� kxÞdt (1:43)
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Carrying out the integration, we obtain

�I0 ¼ 1

2

P2
0

ρ0c
¼ PRMS

2

ρ0c
(1:44)

The mean acoustic intensity of a sinusoidal wave is independent of the position x and
equal to one-half of the peak intensity. PRMS is then the classical root mean squared
(RMS) pressure value.

We note that the energy flux of a Gaussian wave pulse (Equation 1.40) is related to the
mean intensity of a pure sinusoidal wave (Equation 1.44) by

F0 ¼ �I0S0 1þ exp � λ
8πσ

� �2
( )" #

(1:45)

That is, the energy flux of a Gaussian pulse is numerically only a little larger than the
mean acoustic density of a purely sinusoidal wave multiplied by the effective duration S0
of the Gaussian pulse. This is especially true for cases where σ is of the same order or
larger than the wavelength λ.

Mathematical note
The following integrals were used in the previous examples:

ð∞
�∞

expð�a2xÞdx ¼
ffiffiffi
π

p
a

(1:46)

ð∞
�∞

expð�a2xÞ cosðbxÞdx ¼
ffiffiffi
π

p
a

exp � a2

4b2

� �
(1:47)

1.1.10 Total radiated acoustic energy

Emitting sound requires energy. A good indication of the energetic effort for sound
generation is the total radiated acoustic energy, which is obtained from the energy flux by
integrating over the complete sphere surrounding the sound source.

EA ¼
ð2π
0

d’

ðπ
0

Fð’; #; rÞ sin#d# (1:48)

where Fð’; #; rÞ is the acoustic energy flux measured now in terms of spherical co-
ordinates ’; #; r (azimuth, elevation, and range). For a constant energy flux
Fð’; #; rÞ ¼ F0 we obtain

EA ¼ 4πF0 (1:49)
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1.2 Measuring underwater sound (the decibel scale)

The decibel scale is an important tool in acoustics and has been introduced to describe
naturally occurring sound intensities in a convenient way. In fact, sound intensities that
are audible to humans range from a just audible 10−12 W/m2 to a painful 10W/m2. In
addition, if we take, for example, the solution to the spherical wave equation we note that
the sound intensity should decrease with range squared, that is

Iðr; tÞ ¼ Ið1; tÞ
r2

(1:50)

or

Iðr; tÞ
Ið1; tÞ ¼ r�2 (1:51)

When increasing the range from 1m to 1 km (103 m), the intensity of a spherical
spreading sound wave should therefore decrease by a factor of 1 million or to 10−6 of
the initial value. It was therefore intuitive to introduce a logarithmic scale as a more
convenient way of describing sound intensity as such a scale avoids the use of exponents
that are common in scientific notations.

1.2.1 Formal definition of the decibel scale

One decibel (dB) is one tenth of a Bel, which itself is the base 10 logarithm of a sound
intensity ratio.

½dB� ¼ 10 log
I

Iref

� �
(1:52)

Likewise, the inversion is given by

I ¼ Iref10
½dB�=10ð Þ (1:53)

From the formal definition, we note that the decibel scale is only properly defined if the
reference intensity is also given. Unfortunately, there is no unique convention for the
selection of the reference intensity. In addition, while the use of intensity as reference
would correspond to the formal definition of the decibel scale (‘deci’ stands for ‘a tenth
of’) it is custom to refer the decibel scale to a sound pressure as reference. While one
could see an inconsistency in this convention, there should in practice be no problem as
the conversion from intensity ratio to pressure ratio is trivial and shown in Equation 1.54:

10 log
I

Iref

� �
¼ 10 log

P2

Pref
2

� �
¼ 20 log

P

Pref

� �
(1:54)

The standard reference for airborne sound is 10−12 W/m2, which is roughly the intensity
of a barely audible 1000Hz pure tone and may easily be expressed in equivalent (RMS)
reference pressure of about 2 × 10−5 N/m2 or 20 μPa.
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While a reference sound pressure of 20 μPa has some practical reasons for human air
acoustics, it has not been adapted for underwater acoustics, where instead a reference
sound pressure of 1 μPa has been selected.

As there are different reference pressures for airborne and waterborne sound, special
attention is needed not to confuse airborne and waterborne decibel values. In addition,
when referring the dB scale to pressure, the same numerical values result in different sound
intensities due to the dependency of the acoustic impedance on density and sound speed.
This may be of importance where sound intensities are the relevant sound characteristics.

1.2.2 Sound pressure level

Using the decibel scale, we now can express the sound pressure more conveniently as
sound pressure level SPL, which is the sound pressure on the decibel scale

SPL ¼ 20 log
P

Pref

� �
(1:55)

For underwater sound we express the sound pressure level in [dB re 1 μPa], that is, in dB
relative to an RMS pressure of 1 μPa, which in water is equivalent to a sound intensity of
6.5 × 10−19 W/m2.

How important the use of the reference pressure and the specification of the propaga-
tion media are is shown by the following example: a sound pressure of 120 dB re 1 μPa is
in water equivalent to 6.5 × 10−7 W/m2, but a sound pressure of 120 dB re 20 μPa is in air
equivalent to 1W/m2. The same dB value (120 dB) results from a sound intensity that in
water is 6.5 × 10−7 times the sound intensity in air.

Conversely a sound intensity of 1W/m2, which in air is equivalent to 120 dB re 20 μPa,
corresponds in water to a sound pressure of 182 dB re 1 μPa.

This example is of importance when comparing or discussing sound effects in water
and in air, as it says that more energy is required to produce the same sound pressure in
water than in air, or in other words a pressure wave in water carries more energy than the
same pressure wave in air. The difference is mainly due to the different impedance, or
resistance to particle motion.

1.2.3 dB arithmetic made simple

Arithmetic in dB follows two rules:

* addition in dB corresponds to a multiplication of ratios
* subtraction in dB corresponds to a division of ratios

For most practical cases, we only have to remember a few numbers:

0 dB is equivalent to an intensity ratio of 1
10 dB is equivalent to an intensity ratio of 10
3 dB is equivalent to an intensity ratio of 2
5 dB is equivalent to an intensity ratio of about 3
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All other values may easily be constructed by the basic rules of addition/multiplication or
by straight interpolation.

Some examples of converting intensity ratios to/from dB values
a ratio of 16 is expressed as 16 = 24, equivalent to 4 × 3 dB = 12 dB;
a ratio of 2.5 is expressed as 2.5 = 10/4, equivalent to 10 dB – (2 × 3) dB = 4 dB
20 dB is equivalent to a ratio of 102

33 dB is equivalent to a ratio of 2 × 103 (33 dB = (3 + 30) dB or 2 × 103)
37 dB is equivalent to a ratio of 5 × 103 (37 dB = (– 3 + 40) dB or ½× 104)

1.3 Sound velocity

The sound velocity or sound speed is formally defined as a constant relating pressure
changes to density changes in the acoustic media (Equation 1.12)

c2 ≡
∂P
∂ρ

(1:56)

If large pressure variations are needed to obtain small density changes, as in liquids or
solids, then the sound speed is high; if on the other hand one needs only small pressure
variation to change the density, as in gases, the sound speed is low.

1.3.1 Sound velocity in air

As terrestrial acoustics is mainly interested in sound propagation in air and as the sound
velocity in air is a classical example in physics, it may be interesting to follow the
derivation of a sound speed formula.

The density of a gas depends on its pressure and temperature

ρ ¼ P

RT
(1:57)

where R is the gas constant.
In the case of constant temperature T = const, the Boyle–Mariotte law holds

PV ¼ const (1:58)

Table 1.1 Conversion from dB to intensity ratio

dB 0 1 2 3 4 5 6 7 8 9 10
Ratio 1 1.25 1.6 2 2.5 3.2 4 5 6.4 8 10

Table 1.2 Conversion from intensity ratio to dB

Ratio 1 2 3 4 5 6 7 8 9 10
dB 0 3 4.8 6 7 7.8 8.5 9 9.5 10
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Sound propagation, however, does not keep the temperature constant as the pressure

variation is too fast to exchange heat with the surrounding gas, that is, the process is

adiabatic instead of isothermic and the following Poisson equation holds

PVγ ¼ const (1:59)

Using this Poisson equation, we obtain the sound speed by noting that

d

dρ
PVγð Þ ¼ 0 (1:60)

that is

∂P
∂ρ

þ Pγ
1

V

∂V
∂ρ

¼ 0 (1:61)

and

∂V
∂ρ

¼ ∂
∂ρ

m

ρ

� �
¼ � 1

ρ
m

ρ

� �
¼ �V

ρ
(1:62)

so that

c2 ≡
∂P
∂ρ

¼ γP
ρ

¼ γRT (1:63)

Inserting the appropriate values for dry air at 0 °C (γ ¼ 1:4,R ¼ 287 J/kg/K,T ¼ 273K)

we obtain c ¼ 331:2m/s, which is very close to the empirical measurements of the speed

of sound in air.

1.3.2 Sound velocity in oceans

To obtain the speed of sound in water one needs again a relation between pressure and

density. In general we can say that for all compressible materials, that is also for liquids,

the volume V reacts proportionally to small pressure variations

dV ¼ �κVdP (1:64)

with a finite compressibility κ.
Differentiating with respect to density and using Equation 1.62 we get

∂V
∂ρ

¼ �V

ρ
¼ �κV

∂P
∂ρ

(1:65)

or

c2 ≡
∂P
∂ρ

¼ 1

κρ
(1:66)

For pure water at 20 °C we have κ = 0.46 10−9 Pa−1 and ρ = 1000 kg/m3 and obtain

c = 1474m/s, similar to the measured speed of sound in water.
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As no closed theory exists to describe the speed of sound in real seawater,
empirical methods are needed to obtain realistic values for the sound speed. Sound
speed may be measured directly with reusable or expendable sound-velocity meters,
or by using empirical expressions that easily fit measured physical quantities (temper-
ature, salinity, depth) to measured sound speeds. These formulas are all approxima-
tions to measurements and a variety of such formulas may be found in oceanographic
textbooks.

Leroy et al. (2008, 2009) gives a new formula that can be used in all oceans, which
includes in addition to temperature, salinity and depth, also the geographic latitude, and
which may conveniently be expressed as

c ¼1402:5þ 5T� T

4:288

� �2

þ T

16:8

� �3

þ 1:33� T

81:3

� �
þ T

107:2

� �2
" #

S

þ Z

64:1

� �
þ Z

1980:3

� �2

þ Z

5155

� �3

þ Z

18519

� �
F
45

� 1

� �
� Z

10172

� �3

T

þ T

57:74

� �2

þ S

69:93

� �" #
Z

1000

� �

(1:67)

where T is the temperature in °C, S is salinity in PSU (practical salinity units), F is the
geographic latitude in degrees, and Z is depth in metres.

To obtain the sound speed one has therefore to measure both temperature and salinity
as functions of depth. This is typically done with an oceanographic instrument called a
CTD (conductivity–temperature–depth) profiler. Very often, however, only the tempe-
rature is measured, with a device called an XBT (expandable bathythermograph) and the
salinity is either taken from databases or assumed to be constant. Using temperature or
salinity data from databases is only justified if the required accuracy is limited or one is
only interested in typical oceanographic scenarios.

Example For this example, we use the temperature and salinity obtained from the
National Oceanographic Data Center (NODC) ‘World Ocean Atlas 2009’ climatology
datasets, which can be downloaded from http://www.nodc.noaa.gov. If we choose
August as month and take as position 41°N and 5°E, which is somewhere west of
Corsica in the western Mediterranean Sea, we obtain Figure 1.3.

We note that the temperature is decreasing continuously from the surface to the selected
maximum depth of 1500m. The salinity is approximately 38 PSU and relatively constant.
The resulting sound speed reaches nearly 1535m/s at the surface, shows a well-defined
minimum at a depth of 100m and increases again with depth to nearly 1530m/s at 1500m.
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This decrease in temperature close to the surface is also called the thermocline; the
lower end of the thermocline typically correlates with the minimum sound speed, the
depth of which is also called the depth of the sound channel.

From this example, we may conclude that the sound speed is, in general, not constant
in the world’s oceans. From Leroy’s sound speed equation, we see that even for constant
temperature and salinity the sound speed increases with depth by about 1m/s every 64m.
When assuming non-constant sound speed it is convenient to realize that in general,
ocean water is horizontally stratified and, with some exceptions, it is safe to assume that
the sound speed has a predominant vertical gradient. Close to the surface, sound speed
is dominated by temperature variations; temperature itself tends to be horizontally
stratified, with warmer water being found closer to the surface. The temperature of
the surface water is a direct consequence of the solar energy falling on it, and will
therefore show a strong diurnal variation. At depth, where seawater temperature tends to
be less variable, the sound speed is more a function of water pressure. Despite the
dominance of vertical variations in sound speed, some minor horizontal sound speed
gradients may exist, for example due to varying sea surface temperature. In the following,
we assume for simplicity that the sound speed has only a depth-dependent component,
that is, c ¼ cðzÞ.

Figure 1.3 Temperature, salinity and sound speed for the selected time and location.
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Matlab script
The following function assumes that the NODC datasets are already loaded into a local
directory ‘../climatology’. If not already done, the function extracts temperature and salinity
from the files containing climatological data and stores them in a temporary Matlab data
file. It uses then Leroy’s formula to estimate the sound speed at a selected location.

function [sv,T,S]=getSoundSpeed(month,lat0,lng0)
%month=8;
%lat0=41;
%lng0=5;
%
root0='../climatology/';
%
Leroy = @(T,S,Z,L) . . .

1402.5 + 5*T -(T/4.288).^2 +(T/16.8).^3 . . .
+(1.33 -(T/81.3) +(T/107.2).^2).*S . . .
+(Z/64.1) +(Z/1980.3).^2 -(Z/5155).^3 . . .
+(Z/18519).*(L/45-1)-T.*(Z/10172).^3 . . .
+((T/57.74).^2 +(S/69.93)).*(Z/1000);

%
lfn=sprintf('ts_%02d_1d',month);
if exist([lfn '.mat'],'file')~=2

% extract data from climatology
%
temp=[];
root1=sprintf('t_%02d_1d/',month);
dirs=dir([root0 root1 '*.csv']);
%
for ii=1:length(dirs)

fname=[root0 root1 dirs(ii).name];
fprintf('loading %s\n',fname)
temp(ii).dat=xlsread(fname,'A:D');

end

sal=[];
root1=sprintf('s_%02d_1d/',month);
dirs=dir([root0 root1 '*.csv']);

Table 1.3 Typical salinities in world oceans and seas

Ocean basin Salinity [PSU]

North Sea 35.4
Baltic Sea 13
Mediterranean Sea 38
Black Sea 22
Atlantic 35
Pacific 34.5
Arctic 33

Source: Urban (2002).
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%
for ii=1:length(dirs)

fname=[root0 root1 dirs(ii).name];
fprintf('loading %s\n',fname)
sal(ii).dat=xlsread(fname,'A:D');

end
% save data to local mat file
save(lfn,'temp','sal')

end
%
%load local mat file to access data
load(lfn)
%
%extract temperature and salinity vector
T=zeros(length(temp),1);
D=0*T;
S=0*T;

for ii=1:length(temp)
data=temp(ii).dat;
gd=find(abs(data(:,1)-lat0)<=1 & abs(data(:,2)- lng0)<=1);
%
% temperature
T(ii)=mean(data(gd,4));
% depth
D(ii)=mean(data(gd,3));
% salinity
S(ii)=mean(sal(ii).dat(gd,4));

end

%estimate sound speed
sv=[D,Leroy(T,S,D,lat0)];

The Leroy formula of the sound speed is here given as what is called an anonymous
function. If the function is used in different functions or scripts then it becomes convenient to
program the functionality as a regular Matlab function. The script tries to use climatological
data stored in a Matlab data file; if this file does not exist, the script will generate the file.

The following script loads the sound speed profile and generates the graphics shown in
Figure 1.3.

%Scr1_3
month=8;
lat0=41;
lng0=5;
%
[sv,T,S]=getSoundSpeed(month,lat0,lng0);
%
figure(1)
subplot(131)
plot(T,sv(:,1),'k.-')
axis ij
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grid on
ylabel('Depth [m]')
xlabel('Temperature [ ^oC]')

subplot(132)
plot(S,sv(:,1),'k.-')
set(gca,'yticklabel',[])
axis ij
grid on
xlabel('Salinity [PSU]')

subplot(133)
plot(sv(:,2),sv(:,1),'k.-')
set(gca,'yticklabel',[])
axis ij
grid on
xlabel('Sound Speed [m/s]')

1.4 Sound propagation

The solution of the wave equation (e.g. Equation 1.20 for a spherical wave) describes the
propagation of sound through an acoustic medium, such as water. It is intuitive to realize
that, in an ideal scenario where the sound speed is constant and where there are no
boundaries, a spherical sound wave will continue to expand as a sphere of increasing
radius. In the following section we try to understand how sound will propagate in a real
environment where the sound speed is not constant and where boundaries are present.

1.4.1 Snell’s law

Here we consider a particular solution of the sonar equation fðct� rÞ where r ¼ ct. We
may interpret this equation as describing the location of the centre of the propagating
wave. This equation tells us that the range rate of the propagating wave is given by the
now depth-dependent sound speed:

dr

dt
¼ cðzÞ (1:68)

As, by assumption, the sound speed varies only in the vertical direction and not in the
horizontal plane, so the range rate changes only in a vertical direction and not within the
horizontal layers. In Figure 1.4 we have plotted dr ¼ cdt so that the direction of the
propagating sound wave is oriented downwards and its propagating direction forms an
angle # with the (vertical) sound speed gradient.

We observe that in a horizontally layered medium the horizontal increment of a sound
wave must be constant

dx ¼ dr

sin#
¼ const (1:69)

With dr ¼ cðzÞdt and # ¼ #ðzÞ we obtain from this requirement the general Snell’s law
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cðzÞ
sin#ðzÞ ¼ const (1:70)

The angle #, which describes the direction in which the sound wave is propagating,
therefore varies as a function of the sound speed. In particular

sin#ðzÞ ¼ cðzÞ
cðz0Þ sin#ðz0Þ (1:71)

where z0 is the depth at which the sound wave was generated and #ðz0Þ is the initial angle
for which the wave propagation is analysed.

1.4.2 Reflection at a plane interface

Figure 1.4 describes a special case of the more general situation where the sound wave
arrives at a discontinuity in the sound speed. Such a discontinuity may be the sea surface or
the bottom of the ocean. We assume, as shown in Figure 1.5, that the sound wave is
propagating inmedium 1with the incident angle #1, that at the interface a part of this sound
wave is reflected back into medium 1 with angle #1 and that a third part of the sound wave
is penetrating the interface and continues to propagate in medium 2 with angle #2.

In general, one can state that the total pressure of the different waves at the interface in
both media must be the same

Pi þ Pr ¼ Pt (1:72)

where Pi is the pressure of the incident wave, Pr is the pressure of the wave reflected
from the interface, and Pt is the pressure of the wave transmitted through the interface.

Furthermore, the sum of the particle velocity normal to the interface must be the same
on both sides of the interface.

uzi � uzr ¼ uzt (1:73)

where uzi, uzr and uzt are the vertical particle velocity (i.e. normal to the interface) of the
incident, reflected and transmitted wave, respectively; we use the fact that the vertical
particle velocity component for the reflected wave is inverted relative to particle velocity
of the incident wave.

dr

dx

ϑ

Figure 1.4 Geometry of wave propagation in a horizontal sound speed layer.
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From Figure 1.4 we note that uz ¼ u cos# and from Equation 1.31 we have u ¼ P

ρc
and

therefore obtain

Pi

ρ1c1
cos#1 � Pr

ρ1c1
cos#1 ¼ Pt

ρ2c2
cos#2

Pi

ρ1c1
cos#1 � Pr

ρ1c1
cos#1 ¼ Pi þ Pr

ρ2c2
cos#2

and finally

Pi
cos#1

ρ1c1
� cos#2

ρ2c2

� �
¼ Pr

cos#1

ρ1c1
þ cos#2

ρ2c2

� �

The reflection coefficient R is the quotient of the pressure of the reflected wave to the
pressure of the incident wave

R ¼ Pr

Pi
¼ ρ2c2 cos#1 � ρ1c1 cos#2

ρ2c2 cos#1 þ ρ1c1 cos#2
(1:74)

The transmission coefficient T is the relative pressure of the wave transmitted through the
interface and is obtained from Equation 1.72 as T ¼ 1þ R or with Equation 1.74

T ¼ 2ρ2c2 cos#1

ρ2c2 cos#1 þ ρ1c1 cos#2
(1:75)

The relation between #2 and #1 is given by Snell’s law:

sin#2 ¼ c2
c1

sin#1 (1:76)

Total reflection may occur if the sound speed in the second medium exceeds the
following relation

c24
c1

sin#1
(1:77)

Medium 1
Sound speed c1
Density ρ

1

Medium 2
Sound speed c2
Density ρ

2

ϑ1

ϑ2

ϑ1

Figure 1.5 Reflection/refraction of a sound wave on a plane interface.
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or equivalently, if the incident angle of the incident wave satisfies

sin#14
c1
c2

(1:78)

as then no real solution exists for #2 in Equation 1.76.
The critical angle at which total reflection occurs is given by the ratio of the sound

speeds

sin#C ¼ c1
c2

(1:79)

Total reflection results in a phase shift of the reflected sound wave according to the
relation

tan’ ¼ ρ1
ρ2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
sin2 #1 � sin2 #C

p
cos#1

(1:80)

which varies from zero at the critical angle, where total reflection starts to occur, to a phase
angle of 90° at an incident angle of 90°.We will come back in the next section to the phase
shift of bottom-reflected sound after we learn more about typical bottom characteristics.

Example: vertical incidence Vertical incidences are a special case of Equation 1.75,
yielding very instructive results when applied to air–water interfaces. Vertical incidences
(Figure 1.4) occur when cos#1 ¼ 1; and under the assumption of a plain interface we
obtain from Equation 1.75

T ¼ 2ρ2c2
ρ2c2 þ ρ1c1

Sound transmission air to water

TA2W ¼ 2
1:54� 106

1:54� 106 þ 415ð Þ ≈ 2

The sound pressure in water is, for vertical incidence, about twice the sound pressure
in air.

Sound transmission water to air

TW2A ¼ 2
415

1:54� 106 þ 415ð Þ ≈
1

2000

The sound pressure in air decreases, for vertical incidence, by about 2000 times.
It is therefore easier for marine life to hear airborne sound than it is for humans to hear,

say, whales and dolphins, in the air. Because sound barely transmits fromwater into air, it is
therefore fair to say that, in air, the sound pressure of waterborne sound is nearly zero. The
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water–air interface is therefore also called a pressure release or soft interface. Assuming
now Pt = 0, Equation 1.72 indicates Pr = − Pi, that is the pressure function of the surface-
reflected wave is inverted relative to the incoming signal (180° out of phase).

1.4.3 Bottom interface

Sound propagation in seawater is typically bounded not only by an air interface but also
by a bottom interface. Whereas the air interface is, in most cases, treated as a ‘vacuum’, or
completely reflecting, the bottom interface must be considered more specifically.

In general, the bottom characteristics are described by bottom density, sound speed and
attenuation of pressure and shear waves (Table 1.4). Shear waves are typical of solid
materials, where sound propagation may also be due to oscillations that are transverse to
the direction of propagation. Shear waves do not exist in liquids and gases.

It should be noted that the values given in Table 1.4 are merely indicative. Especially
for long ranges, where sound propagation interacts increasingly with the bottom, a site-
specific geo-acoustic model should be established combined with sufficient ground truth
information.

Example Equation 1.80 indicates that under certain circumstances interfaces may result in
total reflection and associated phase shift. Using the bottom characteristics of limestone,
it is instructive to determine the onset of total reflection and this phase shift.

Matlab code
%Scr1_4
th1=0:90;
%water
rho1=1000;
c1=1500;
% Limestone

Table 1.4 Typical bottom characteristics

Type ρ [kg/m3] cp [m/s] ap [dB/λp] cs [m/s] as [dB/λp]

Silt 1700 1575 1 80 z0.3 1.5
Gravel 2000 1800 0.6 180 z0.3 1.5
Limestone 2400 3000 0.1 1500 0.2
Basalt 2700 5250 0.1 2500 0.2

Notation: ρ is the density; cp and cs are the compressional and shear speeds respectively; ap and as
are the attenuation for compressional and shear waves, respectively; z is the thickness of the silt and
gravel layer. The attenuation coefficient is given in relation to the wavelength to reflect the
frequency-dependence of the attenuation.
Source: Jensen et al. (2000).
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rho2=2400;
c2=3000;
%
arg1=real(rho1*sqrt((c2*sin(th1*pi/180)).^2-c1. ^2));
arg2=rho2*c2*cos(th1*pi/180);
phi=atan2(arg1,arg2)*180/pi;

figure(1)
plot(th1,phi,'k')
xlabel('Incident angle [ ^o]')
ylabel('Phase shift [ ^o]')
title('Limestone')

FromFigure1.6wenote that total reflectionoccurs for incidenceangles (# inFigure1.4) greater
than 30° and that a phase shift of 45° occurs at an incidence angle of 70°. For incidence angles
less than30°, sound is partially reflectedand the remaining soundenergy enters the second layer
as a transmittedwave. In this regime, the reflectedwavedoes not suffer anyphase shift, butwith
theonset of total reflection (incident angle>30°), a phase shift in the reflectedwave is observed.
As the critical angle is related to the critical range, one consequence is that, at distances greater
than this critical range, reflected waves experience a variable degree of phase shift, resulting in
more and more randomization of any initially deterministic signal.

Figure 1.6 Phase shift due to total reflection on limestone.
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1.4.4 Sound absorption

Sound waves that travel through the ocean will always suffer an absorption loss, that is,

sound energy is transformed frommechanical into other forms of energy. Absorption loss

in seawater is mainly due to the finite amount of time that real fluids require for

responding to pressure waves. This process is called relaxation and may be due to both

the shear viscosity of water and the ionic dissociation of chemical molecules (magnesium

sulphate and boric acid) in salt water.
Extensive research has been put into empirical formulas to describe seawater sound

absorption as a function of frequency, salinity, acidity and water depth. The most

complete such formula is given by Francois and Garrison (1982a, b), which presents

the attenuation of sound in seawater in dB/km according to

αf ¼ A1P1
f1 f

2

f 21 þ f 2
þ A2P2

f2 f
2

f 22 þ f 2
þ A3P3 f

2 (1:81)

where the frequency f is given in kHz.

The contribution of boric acid B(OH)3 is given by

A1 ¼ 8:86

c
10ð0:78pH� 5Þ

P1 ¼ 1

f1 ¼ 2:8

ffiffiffiffiffi
S

35

r
10

4� 1245
273þT

� �

The contribution of magnesium sulphate Mg(SO)4 is given by

A2 ¼ 21:44
S

c
1þ 0:025Tð Þ

P2 ¼ 1� 1:37� 10�4zþ 6:2� 10�9z2

f2 ¼ 8:17� 10
8� 1990

273þT

� �
1þ 0:0018 S� 35ð Þ

The contribution of pure water viscosity is given by

A3 ¼4:937� 10�4 � 2:59� 10�5Tþ 9:11� 10�7T2

� 1:50� 10�8T3
ðT ≤ 20 �CÞ

A3 ¼3:964� 10�4 � 1:146� 10�5Tþ 1:45� 10�7T2

� 6:6� 10�10T3
ðT420 �CÞ

P3 ¼ 1� 3:83� 10�5zþ 4:9� 10�10z2

Some frequencies of interest in PAM are 100Hz, 1 kHz, 15 kHz, 40 kHz and 100 kHz,

where the attenuation coefficients become 0.0007, 0.05, 1.6, 9.5 and 41 dB/km, respec-

tively (Matlab script Sct1_5).
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Matlab code to estimate absorption coefficients
%Scr1_5
f=[0.1 1 15 40 100]; %frequency in kHz
%
T=20; % Temperature in deg C
S=38; % Salinity in parts per thousand
Z=0; % Depth in m
L=42; % Latitude in deg
pH=8; % pH value of sea water
%
% sound speed in m/s
c=Leroy(T,S,Z,L);
%
% attenuation in dB/km
FrancoisGarrison(f,T,S,Z,c,pH)

Constraining salinity, temperature and depth, one may obtain a simpler formula for the
frequency dependence of the sound attenuation. As an example, we obtain, for salinity of
38 PSU, depth of zero, and 20 °C

αf ¼ 0:27f 2

2:7þ f 2
þ 106f 2

17400þ f 2
þ 2:2� 10�4f 2 (1:82)

where the frequency f is given in kHz.

1.5 Signals, noise and interference

So far, we have treated sound as something neutral, independent of any application.
However, when considering passive acoustic monitoring (PAM) one should realize that
sound may be composed of signals, noise and interference.

Signals are sound messages that we want to receive with our PAM system. Noise and
interference are sounds that we do not want to receive, and which in general will degrade
our capability to recognize our signals of interest; interferences are signal-like sounds but
of no interest to the PAM application. The discrimination between signals and interfer-
ence is highly application-dependent. In the case of PAM of cetaceans, we can consider
as signals all cetacean vocalizations (e.g. clicks, whistles, calls) and as interference all
non-cetacean sounds, be they biological (e.g. snapping shrimps) or anthropogenic (e.g.
echo-sounders).

The term noise is in general not very well defined in acoustics and sometimes includes
all unwanted sounds. Here, the term noise is used to describe only randomly varying
sound and is therefore in contrast to interferences. This differentiation is justified, as
different signal processing techniques are used to detect signals against noise, and to
classify signals in the presence of interferences. Random noise is always there, but
interference may or may not be present. Interferences can become a major problem,
and depending on the PAM objectives it may be possible that even cetacean sounds
are considered as interferences. For example, the classification performance of a beaked
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whale detector may degrade in the presence of dolphin clicks. Some PAM implementa-
tion may even consider sound from conspecifics as interferences reducing system
performance. This intrinsic ambiguity requires a careful differentiation between signal
and interference.

1.5.1 Signals

Suppressing the range-dependent component of the wave function, we may write the
sound pressure of a plane wave as

PðtÞ ¼ AðtÞ cos 2π fðtÞ tþ ’ðtÞf g (1:83)

Signals are sound waves that carry information, which may be coded in the amplitude
A(t), in the frequency f(t), or in the phase function ’ðtÞ.

Typically A(t) will be limited in time, allowing us to assume, without loss of generality,
that

AðtÞ ¼ 0 for t50 and t4T (1:84)

The signal frequency f(t) may also carry information and is assumed to be positive and
limited

f ðtÞ40 and f ðtÞ5Fmax (1:85)

where Fmax is the maximum frequency of the signal.
The signal phase ’ðtÞ is limited between 0 and 2π, and may be used for information-

dependent phase modulation.
Signals in which the information is encoded in the amplitude A(t) are called amplitude-

modulated or AM signals; signals in which the information is encoded in the signal
frequency f (t) are called frequency-modulated or FM signals. Although pure implemen-
tations of AM and FM signals are known from artificial sonar systems, biological sounds
are rarely so easy classified; in nearly all cases, both amplitude and frequency modu-
lations are present. Cetacean sounds cover a large variety of AM and FM signals and will
be described in more detail in Chapter 2. A further scheme to encode information is the
phase modulation, which, however, may be expressed in terms of frequency modulation.

1.5.2 Noise

Noise is considered to be randomly varying sound against which signals must be
detected. Noise can be created by randomly varying amplitude A(t), frequency f (t), or
phase ’ðtÞ fluctuations. One important feature of naturally occurring noise is that, in
general, its origin cannot be attributed to a single sound source; hence noise may be
considered as a very large sum of individual sound waves with varying amplitudes,
frequencies and phases. Such noise fluctuations are mostly due to the vast number of
different noise sources, repeated interaction of the propagating sound waves with ocean
boundaries and spatial variations of the sound speed profiles.
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As noise is best described as a random process, it is intuitive to describe it by basic
statistical distributions. Considering the importance of the Gauss distribution

fðaÞ ¼ 1ffiffiffiffiffiffiffi
2 π

p
σ
exp � 1

2

a� a0
σ

� �2� �
(1:86)

in general statistics, it is no surprise that this distribution is also of interest for the
description of noise phenomena, even if its merits have more to do with its easy use
than with its accurate description of noise processes. Empirical noise is never really
perfectly Gaussian.

With respect to narrowband noise, a convenient statistical distribution of noise ampli-
tude is given by explicitly considering noise as a large sum of sinusoidal waves
modulated by random phase

PðtÞ ¼ A0 exp i ωtþ ’0ð Þf g ¼ ∑N
n¼1An exp i ωtþ ’nð Þf g (1:87)

where we use the complex (exponential) form of the sound wave and consider ’n as a
random phase equally distributed between 0 and 2π.

Suppressing the temporal term exp iωtf g, e.g. by setting t = 0, we obtain

Pð0Þ ¼ P1 þ iP2 (1:88)

with

P1 ¼ ∑N
n¼1An cos’n

P2 ¼ ∑N
n¼1An sin’n

(1:89)

As the number of sources N becomes very large then both quantities P1 and P2 tend
toward zero-centred Gaussian variables with variance σ2 ¼ ∑N

n¼1A
2
n.

The variable P2 = |P(0)|2 = P1
2 +P2

2 follows a chi-squared law with two degrees of

freedom and consequently the distribution of the amplitude P ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
P2
1 þ P2

2

q
reads

fðPÞ ¼ P

σ2
exp � 1

2

P

σ

� �2
( )

(1:90)

which is also known as the Rayleigh distribution.
The most probable amplitude value (the peak of the Rayleigh distribution) is

Ppeak ¼ σ; the mean amplitude value is given by 5P4 ¼ σ
ffiffi
π
2

p
and the variance of

the amplitude is varðPÞ ¼ σ2 2� π
2

	 

, resulting in a coefficient of variation CV

CV ¼ varðPÞ
5P42

¼ 4� π
π

The Rayleigh distribution is widely used in underwater acoustics to describe amplitude
fluctuations of noise and will play an important role in tuning the detection performance
of a PAM system.
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2 Cetacean sounds

The objective of this chapter is twofold: to introduce the sounds of interest, i.e. the
sounds made by different cetaceans, and to develop techniques suited to describe the
different sound categories. I interlace sound descriptions and processing techniques
to allow the reader to experiment with the Matlab scripts, maybe to change some
parameters, or to visualize the results differently, etc.

I initially classify the sounds made by cetaceans into two categories, according to
their observed functionality. For the purposes of PAM, cetacean sounds are conveniently
divided into ‘echolocation clicks’ and ‘communication signals’.

Typical echolocation clicks are made by toothed whales during foraging. They are
short pulses of significant intensity, highly directional and used for locating food.

Typical communication signals are whistles or complex call sequences emitted by
dolphins and baleen whales. They are relatively tonal or pulsed signals with a varying
degree of spectral variability and with potentially low directionality. This differentiation
does not suggest that echolocation signals are not useful for communication, but it
emphasizes a difference in the primary function of the sound.

Cetacean clicks are next described both in time and in the frequency domain; a
time–frequency description is developed for tonal and pulsed cetacean vocalizations.
This chapter also discusses the directivity of echolocation signals and the expected
source levels of cetacean sounds.

2.1 Classification of cetaceans

All whales, dolphins and porpoises form the taxonomic order Cetacea, which is divided
into two suborders, Odontoceti (toothed whales) and Mysticeti (baleen whales). These
are further divided into families, e.g. Delphinidae (ocean dolphins) or Ziphiidae (beaked
whales). Within families, cetaceans are classified into genera and species. For example,
common bottlenose dolphins carry the scientific name Tursiops (genus) truncatus
(species) and belong to the family Delphinidae, suborder Odontoceti. Although the
taxonomy tries to group and link together related species, ongoing research, e.g. in
genetics, continuously challenges the relation between the species. For examples of
work on genetic classification, see Henshaw et al. (1997), Dalebout et al. (2001),
Arnason et al. (2004) or Morisaka and Connor (2007).
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The visual observation of wild cetaceans is in most cases detailed enough to allow
classification to the species level. In some cases, it may further be possible to identify the
individuals, i.e. recognizing the specific individual as already detected previously. Such
identification requires features or marks that are unique to an individual, allowing later
re-identification, and is done mostly by photographic documentation (photo-ID).
Sometimes, however, the classification to species level is difficult and it is then common
practice to classify to genus or family level only (e.g. unidentified beaked whale).

2.2 Classification of cetacean sounds

Cetaceans generate a variety of sounds for a variety of purposes. Even if the taxonomy of
cetaceans is continuously challenged by new scientific discoveries (e.g. those provided
by genetic analysis), the overall approach tends to produce unique classifications. The
same cannot be said for the classification of cetacean sounds. There are moans, grunts,
shrieks, knocks, thumps, shot-guns, creaks, buzzes, clicks, pulses, up or down calls,
ratchets, trumpets, etc. All these terms seemmore to reflect the imagination of the listener
than to be a useful definition of cetacean sound. Of course, one can say that sounds made
by cetaceans are most likely species-specific, so in the end it should not matter what name
the sound has, as for classification purposes every species should be treated separately.

If we set the descriptive approach aside, we may classify the sound either by its
function or by its acoustic appearance. The most intuitive use of sound is for communi-
cation within the same species or between different species; consequently, communica-
tion sounds are a major functional class. Cetaceans are also known to use sound for
echolocation, that is, to detect, classify or inspect objects, be it prey or other submerged
items in their vicinity, indicating that echolocation signals are a second major functional
class. Approaching the sound classification from an acoustics standpoint, sound can be
considered either periodic, e.g. tonal, or aperiodic and therefore pulse-like. Interestingly,
there is no one-to-one relation between function and acoustic properties; there are pulses
used for communication and short tonal sounds used for echolocation.

2.2.1 General characteristics of echolocation signals

Echolocation is the use of sound, or better, the use of echoes from an emitted animal
sound to estimate the location, range and direction of an object. The term was coined in
the 1950s by Griffin (1958) to describe the use of ultrasonic clicks by bats and is now also
adapted for cetaceans. So far, only toothed whales have a generally accepted capacity for
echolocation.

In order to be useful for localization, echolocation sounds should satisfy some basic
requirements; in particular the sound must support the estimation of range to the object
but also the estimation of the angle at which the objects can be found (both in azimuth and
in elevation).

Successful echolocation requires the object to reflect incoming sound back to the
sound emitter. Howmuch sound is backscattered depends mainly on the size and acoustic
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properties of the object and the frequency used. Typically, only a fraction of incoming
sound energy is reflected back from the object to the echolocating animal. The ratio of
reflected to incoming sound intensity is then called the target strength.

Estimation of range is typically done by measuring the time a sound pulse needs to
travel from the animal to the object and back. Obviously, the animal must be able to
receive the returning sound and it is fair to assume that the animal is silent again before
the echo returns from the object. That this is not strictly necessary is demonstrated by
horseshoe bats, which emit constant frequency (CF) echolocation signals that are so long
as to suggest the onset of echo processing while the animal is still emitting the CF signal.
This ‘listening while calling’ capability, however, has not been demonstrated in ceta-
ceans. Neither has it been demonstrated that cetaceans are able to estimate the range of
distant objects beyond the range that is related to the interval between two consecutive
clicks.

Angular estimation may be done in three ways by: using an omni-directional trans-
mitter and a directional receiver, using a directional transmitter and an omni-directional
receiver, or using both a directional transmitter and a directional receiver. Like all
mammals, cetaceans are binaural and therefore possess a directional receiver, the angular
resolution of which is limited by the distance between the ears. All echolocating
cetaceans therefore improve their overall angular resolution by emitting a narrow
sound beam, the directionality of which is again limited by the size of the cetacean head.

2.2.2 General characteristics of communication signals

Communication is intuitively the most obvious use of sound, but care must be taken
to avoid anthropomorphic projections. Communication is generally understood as the
transfer of information from one being to another for the advantage of the sender, the
receiver, or both. Although in the context of acoustic communication it seems obvious
that the information is encoded in sound signals, the amount of information transferred
by sound is for cetaceans completely unknown and subject to scientific debate. The
information content will vary with the contexts of the signal exchange and the behav-
ioural states of the animals; the expectations, or intentions, of the sender or receiver of
signals may further determine the information content.

Communication in a noisy or complex environment may require the animal to increase
the complexity of the transmitted signals to obtain sufficient redundancy to convey the
information to the receiver. As this approach may fail for very long-range communica-
tion, an alternative strategy is then to slow down the information rate and to transmit
very simple signals over long periods of time to reduce the required bandwidth of the
communication channel.

An important consequence for PAM systems is that the type and occurrence of
communication signals is unpredictable; they vary from short pulses, suited for deter-
mining presence or absence only, to stereotyped whistles emitted for social cohesion, to
multi-themed songs whose functional purposes are still not fully understood. PAM
systems that are based on communication signals for detecting and monitoring cetaceans
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must therefore be flexible and robust enough to recognize all types of cetacean commu-
nication sound.

From the acoustics point of view, one would expect communication signals to be less
directional than echolocation signals, because highly directional signals allow mainly
private peer-to-peer communication, where sender and receiver face each other. In a
normal three-dimensional ocean scenario, sender and receiver are more or less arbitrarily
oriented; this suggests that, for communication signals to be successful, they should be
emitted with little or no directional preference. Aweak forward–backward directionality
of, say, less than 6 dB (intensity ratio of 4) is, however, a plausible observation, because
sound that is generated at the head of the animal may experience some attenuation when
propagating backwards through the body of the animal. A second necessity for sound to
be useful as a communication signal is that it allows the encoding of information, as
discussed in Section 1.5.1. For example, a continuous tone with constant frequency and
amplitude does not convey information other than its presence.

2.2.3 General presentation of cetacean sounds

The variety of terms used to characterize cetacean sounds suggests that there will not be
a single way to describe and visualize cetacean sounds. Of course, cetacean sounds may
be considered to carry information and therefore expressed in terms of Equation. 1.83,
that is:

PðtÞ ¼ AðtÞ cos 2π fðtÞ tf g (2:1)

Here the explicit phase term’ðtÞ has been dropped, as it may be easily expressed in terms
of frequency fðtÞ.

In Chapter 1 we constructed the sound pressure PðtÞ by choosing specific functions
of AðtÞ and fðtÞ, that is, we synthesized the sound (e.g. Gabor pulse, Equation 1.24).
To describe cetacean sounds, we are confronted with the opposite problem: we have
sound recordings, that is, we have PðtÞ, and want to analyse these sounds in terms of
AðtÞ and fðtÞ.

2.3 Cetacean sound presentation in the time domain

The easiest way to describe cetacean sound is to plot directly the sound pressure
measurements, that is, we plot PðtÞ as a time series, as done in Figure 1.2 for a
Gaussian pulse. This type of presentation is the most common, and is appropriate for
signals that exhibit large amplitude variations. All cetacean clicks fall into this category.

2.3.1 Beaked whale clicks

Figure 2.1 shows a sequence of cetacean clicks in the time domain. It presents the
received sound pressure (vertical or amplitude axis, measured in arbitrary units) as
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Figure 2.1 Time domain of a series of Cuvier’s beaked whale clicks.

Figure 2.2 Time domain of a single Cuvier’s beaked whale click.
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function of time (horizontal or time axis, measured in seconds) of a Cuvier’s beaked
whale recorded by the author in the Mediterranean Sea.

One can easily see that the recording is composed of a continuous noise with a slight
amplitude offset from zero, and of recurring instances of positive and negative deflec-
tions from the noise, indicating the presence of a series of short transients, which in this
case have been attributed to Cuvier’s beaked whale echolocation clicks followed by
surface reflections. The slight amplitude offset is due to imperfect set-up of the sound
receiver and is usually removed during the data analysis phase.

Figure 2.1 shows three seconds’ worth of data and therefore lacks any detailed
description of the individual clicks. Zooming into the dataset, Figure 2.2 shows the
measured pressure function of a single Cuvier’s beaked whale click.

Figure 2.2 shows clearly that the Cuvier’s beaked whale click is composed of a
sequence of amplitude-modulated oscillations and that the whole click lasts about
200 μs. The whole click is long enough that it features about six strong oscillations.

Matlab script
%Scr2_1
[xx,fs] = wavread('../Pam_book_data/zifio Select Scan.wav');
%
% construct time vector
tt = (1:length(xx))/fs;

figure(1)
clf,
plot(tt,xx,'k');
set(gca,'fontsize',12)
xlabel('Time [s]')
xlim(tt([1 end]))
title('Raw Time series')

% zoom into data
tsel=tt>1.9415 & tt<1.9430;
tt1=tt(tsel);
xx1=xx(tsel);
% remove bias (offset)
bias=mean(xx1);
xx1=xx1-bias;

figure(2)
clf
plot(tt1,xx1,'k')
set(gca,'fontsize',12)
xlabel('Time [s]')
xlim(tt1([1 end]))
title('Single click of Cuvier''s beaked whale')

This and the following scripts use data that are assumed to be in a parallel directory
called Pam_book_data , that is, the following Matlab instruction dir('../
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pam_book_data') results in a list of files. If necessary, this part of the script should
be adapted to reflect the location of the data files.

2.3.2 Dolphin clicks

Cuvier’s beaked whale clicks are a relatively new observation; in fact, they were only

recently discovered by means of acoustic archival tags (DTAG; see Johnson and Tyack,

2003) that were placed on the back of Cuvier’s beaked whales (Zimmer et al., 2005a).

Dolphin echolocation clicks have been studied extensively in the past; mostly because

dolphins have long been kept in captivity and trained to perform acoustic tests in a

laboratory environment (see, e.g. Au, 1993). Figure 2.3 shows a click train of a free-

ranging bottlenose dolphin. The Matlab script Scr2_2 is not reproduced in the text as it

is redundant to Scr2_1. The time sequence in Figure 2.3 shows about 16 clicks per

second with varying amplitude, where amplitude variations of up to a factor of 10 may be

observed. Recalling that the amplitude is proportional to the received sound pressure, the

observed amplitude variation corresponds to a received level variation of 20 dB. The

reason for this variation cannot be determined without additional information about the

behaviour of the dolphin. The variation may be due to changes in source level or due to

changing geometry, resulting in differences in the received sound level. Figure 2.3 shows

further a slowly oscillating background noise with about 8–9 cycles per second, which is

mostly due to very low-frequency vibration present in the experimental setup (e.g. boat

engine). Such unwanted low-frequency disturbances are very frequent in field experi-

ments and at a later stage we will implement filters to remove them.

Figure 2.3 Click train of a bottlenose dolphin (courtesy C. Bazua Duran).
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Figure 2.4 is a zoom into Figure 2.3 showing a very short snippet of 300 μs around what
in Figure 2.3 appears to be a single click. In reality there is a strong click followed by a
sequence ofweaker clicks. All clicks are very short, with only 2–3 oscillations lasting about
30 μs. The bottlenose dolphin clicks are much shorter than the clicks presented in
Figure 2.2 for Cuvier’s beaked whales and are therefore best described as short pulses,
similar to the Gabor pulse (Figure 1.2). The second pulse in Figure 2.4 is not only smaller in
amplitude but also phase-inverted: that is, whereas for the first (main) pulse the deflections
are first negative and then positive, for the second pulse the deflections are first positive and
then negative. This phase reversal is typical of a surface reflection as mentioned in
Section 1.4.2. The shape of the third pulse is again in phase with the main pulse, indicating
a bottom reflection. The short interval between direct arrival (first pulse), surface and
bottom reflections indicates finally that the bottlenose dolphin data were recorded in
shallow waters, where the boundary reflections follow the original clicks at short intervals.

Descriptions of dolphin clicks constitute a significant amount of underwater bio-
acoustic literature, which is of no surprise when considering that there is often easy
access to these animals (see, e.g. Au, 1993).

2.3.3 Sperm whale echolocation clicks

Sperm whales are, after dolphins, a favourite subject for passive acoustics as they emit
long sequences of audible echolocation or sonar clicks. Figure 2.5 shows such a click
sequence, which is sometimes also referred to as a click train. Again, the script Scr2_3

Figure 2.4 Single dolphin click/pulse with multi-path.
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is omitted from the text as it is similar to Scr2_1. The data were recorded with a digital

archiving tag (DTAG; Johnson and Tyack, 2003) attached on the back of a sperm whale

in the Mediterranean Sea.
Figure 2.6 is a zoom into Figure 2.5 and shows that each sperm whale click is composed

of a sequence of short pulses separated by 3.7ms. This multi-pulse structure is typical of

spermwhale clicks and is a consequence of the particular sound production of spermwhales,

also called bent-horn sound generation (Norris and Harvey, 1972; Møhl, 2001; Zimmer

et al., 2005b, c), which we will discuss in more detail in the next section. For the time being

we note that the distance between consecutive pulses within a single sperm whale click is

called the inter-pulse interval (IPI) and is determined by the time the sound needs to traverse

twice the spermaceti organ of the sperm whale. The IPI of sperm whales is therefore related

to the length of the animal, for which two formulas may be found in the literature:

* Formula of Gordon (1987) for smaller animals (IPI < 5ms)

L ¼ 4:833þ 1:453ðIPIÞ � 0:009ðIPIÞ2

* Formula of Rhinelander and Dawson (2004) for larger animals (IPI > 5ms)

L ¼ 17:12� 2:189ðIPIÞ þ 0:251ðIPIÞ2

where L and IPI are given in m and ms, respectively.
Here we apply the formula of Gordon and find the overall length of the sperm whale to

be 10.2m, which could be considered as a juvenile.

Figure 2.5 Sperm whale click train.
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If we zoom in to the first pulse of Figure 2.6, we obtain what is shown in Figure 2.7.We

note that the single pulse consists of some four oscillations lasting over a period of 1ms,

with elevated amplitudes for the first two oscillations, similar to the dolphin click

(Figure 2.4).

Figure 2.6 Details of a sperm whale click. Zoom into Figure 2.5.

Figure 2.7 Single pulse of sperm whale click.
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In contrast to Figure 2.4 where a single dolphin pulse is followed bymultiple boundary
reflections, the multi-pulse structure of a sperm whale click (Figure 2.6) is emitted by the
whale itself.

2.3.4 Remotely received sperm whale clicks

Figures 2.6 and 2.7 show a single sperm whale click and pulse, but these data are
recorded by using the DTAG attached to the animal dorsally behind the head and the
data are not necessarily characteristic of the sound one may record with a distant
hydrophone.

Figure 2.8 shows three sperm whale clicks recorded at different times from a single
animal at distances that exceed 1 km. The top click was recorded in front of the animal,
themiddle click was recorded from the side of the animal, and the bottom clids was recorded
from behind the animal. Although there is no doubt that this spermwhale also emits its click
with a multi-pulse structure, some explanation is required of the details of Figure 2.8.

Without at this point going into details of sperm whale sound production, Figures 2.6
and 2.8 confirm that the multi-pulse click generation is complicated but not mysterious.
According to the actual accepted bent-horn theory (Norris and Harvey, 1972; Møhl,
2001), a single pulse is generated below the blowhole at the tip of the nose. This original

Figure 2.8 Sperm whale clicks recorded at distance under different aspects.
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pulse is mainly backward-oriented and only some of the sound energy will leak directly
into the water (called P0). Most of the sound energy will travel backwards towards the
frontal air sac at the skull, where it is reflected forward. The major part of this forward-
reflected energy will leave the head through the junk, which is below the spermaceti
organ, to form the powerful sonar pulse (called P1). The remaining part of the sound
energy is reflected back inside the spermaceti organ, where it once again hits the forward
boundary of the spermaceti organ (distal air sac) to be reflected again towards the skull
and consequently result in secondary sonar pulses, P2, P3, etc., all with progressively
decreasing intensity.

If the receiver is in front of the animal (top panel of Figure 2.8), it will first sense the
weak P0, followed by the powerful sonar beam P1, the weaker P2, etc.

If the receiver is behind the animal (bottom panel of Figure 2.8), it will not sense the
strong sonar beam directly but only the backward-oriented sound energy, either P0
directly or any residual pulses remaining in the spermaceti organ and reflected back
from the distal air sac.

If the receiver is on the side of the animal (middle panel of Figure 2.8), it will,
in addition to P0 or P1, also receive reflections from the frontal air sac (called P1/2)
(Zimmer et al., 2005b). It should be clear that the boundaries that limit the spermaceti
organ and that are instrumental to generate the multi-pulse structure of sperm whale clicks
by reflecting the sound waves back and forth will result in geometry-dependent energy
content of the sperm whale click. Robust methods to estimate the characteristic IPI from
the click data have been suggested by Pavan et al. (1997) and Teloni et al. (2007).

2.3.5 Sperm whale coda

Sperm whales not only emit echolocation clicks but are also known to produce stereo-
typed click sequences, called coda, which are short click sequences and which are very
often repeated, as shown in Figure 2.9.

Sperm whale coda are thought to serve as communication between sperm whales, as
so far no coda have been registered for solitary whales. Figure 2.9 shows what is called a
3+1 coda from the Mediterranean Sea (Pavan et al. 2000). As is expected for commu-
nication signals, the actual pattern may change for different geographic regions (Watkins
and Schevill, 1977; Weilgart and Whitehead, 1997).

Figure 2.10 confirms that coda clicks also show the typical multi-pulse structure seen
in the regular clicks in Figure 2.6. Although the inter-pulse interval (IPI) is again 3.7ms
there are two differences that are worth noting: first, the amplitude difference between
consecutive pulses is less for coda clicks; and second, between the clear visible pulses we
find additional acoustic energy. Both effects are due to the increased reverberation within
the spermaceti organ of sperm whales, similar to the internal reflection described for
Figure 2.8. This increase in reverberation, which also gives sperm whale coda clicks a
metallic quality, may also be due to intentional changes in the geometry of the spermaceti
organ to improve the communication functionality of spermwhale coda, i.e. to reduce the
directionality of the sound emission.
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Figure 2.9 Sperm whale coda.

Figure 2.10 Pulse structure of single sperm whale coda click.
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Sperm whale clicks are, owing to their complexity, a challenge for optimal click
detection. However, they do afford multiple opportunities for classification, tracking
and identification.

2.3.6 Harbour porpoise

A further class of cetacean clicks is represented by the harbour porpoise. Figure 2.11
shows a typical harbour porpoise click; note that its duration is somewhat shorter than
that of a Cuvier’s beaked whale click but with much more oscillation, indicating a higher
frequency of the sound wave. Whereas bottlenose dolphins and sperm whales emit short
pulses with few cycles, harbour porpoises emit relatively long pulses, not necessarily
long in time but in terms of oscillations, albeit with significant amplitude modulation.
Harbour porpoise clicks are therefore considered as narrowband, or monochromatic
clicks, whereas dolphin and sperm whale pulses are more broadband signals, as we
will observe in a later chapter.

2.3.7 Inter-click interval

One special feature of echolocation clicks is that they are emitted in nearly regular
sequences. These sequences of echolocation clicks, or click trains, are typically described

Figure 2.11 Harbour porpoise clicks (courtesy Peter T. Madsen).
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by the inter-click interval (ICI), which quantifies the temporal separation of the clicks
emitted from the same animal. The ICI is a statistical variable andmay be characteristic of
cetacean species. As a rule of thumb, the ICI of a sperm whale is around 0.5–2 s
(Whitehead and Weilgart, 1990; Zimmer et al., 2003; see also Figure 2.5); that of a
beaked whale is about 0.3–0.4 s (Johnson et al., 2004; Zimmer et al. 2005a; see
Figure 2.1) and dolphins click faster with a typical ICI of 0.1 s or less (Madsen et al.
2004b; see Figure 2.3).

Very often the term ICI is replaced in the literature by the term IPI, especially when
characterizing the click–pulse sequence of dolphins. There should, however, be no
reason for confusion, as the only whale that emits multi-pulsed clicks is the sperm
whale. Consequently, only for the sperm whale the term IPI means the time delay
between the individual components of the clicks, whereas for all other whales and
dolphins IPI may be used exchangeably with the term ICI.

2.4 Cetacean sounds in the frequency domain

Figures 2.2, 2.4, 2.7 and 2.11 show that cetacean clicks are in reality oscillating sound
waves, which leads to the question of the value of the frequency fðtÞ of these sound
waves. There is a variety of methods to determine this oscillation frequency. Inspecting
Figure 2.2 manually (e.g. by measuring the times of maximal amplitudes) results in a
mean time between consecutive oscillations of 0.0248ms, resulting in a signal frequency
of 40.3 kHz, and for the harbour porpoise click (Figure 2.9) we obtain 0.0071ms and
therefore 140.4 kHz.

Matlab script to measure frequency by hand
% use 'ginput' to switch into input mode
% move cross-hair to local maxima
% and press the right button
% repat this for the six major oscillations (from left to right)
% terminate with pressing the 'Enter' key.
gg=ginput;
tm=gg(:,1);
dt=mean(diff(tm));
fr=1/dt

2.4.1 Spectral analysis

This manual method is not very precise and is therefore only appropriate for a fast initial
inspection of single waveforms. A more standard way to obtain the frequency is to carry
out a Fourier analysis and to obtain the most likely frequency from the Fourier spectrum.
The Fourier analysis can be considered as a principal analytical tool in mathematics and
physics (e.g. Papoulis, 1962).
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Fourier transform
Formally, the Fourier analysis or Fourier transform is defined as an integral

FðωÞ ¼
ð∞
�∞

PðtÞ exp �iωtf gdt (2:2)

where PðtÞ is the sound pressure and ω is the circular frequency for which the Fourier

transform is evaluated.
The Fourier spectrum is then the squared absolute value of the Fourier transform.

SðωÞ ¼ FðωÞj j2 (2:3)

Although the Fourier integral (Equation 2.2) maintains its importance in theoretical

considerations, it is nowadays seldom used to estimate the spectrum (Equation 2.3)

and then only when the integral may be evaluated in closed form. One such

non-trivial case is that given for the Gabor pulse, as we shall see in the following

example.

Example Consider the Gabor pulse of Equation 1.24, which can be expressed as

P tð Þ≡P0 exp � λ20
8π2σ2

ω0t� k0rð Þ2
� �

cos ω0t� k0rf g (2:4)

Before estimating the Fourier transform it is convenient to introduce a new variable

x ¼ ω0t� k0r and therefore also t ¼ xþ k0r

ω0
and dt ¼ dx

ω0
. With these new variables the

Fourier transform becomes

F ωð Þ ¼ P0
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�∞

exp � x2

2k20σ
2
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cos xf g
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exp �i

ω
ω0
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� �
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ω0
(2:5)

or, with cos α ¼ expðiαÞ þ expð�iαÞ
2
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(2:6)

The integrals have now the form of

ð∞
�∞

exp �ax2 � ibx
 �

dx ¼
ffiffiffi
π
a

r
exp � b2

4a

� �
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with a ¼ 1

2k20σ
2
and b ¼ ω

ω0
� 1, so that the Fourier transform (Equation 2.6) becomes
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or after further simplifications

F ωð Þ ¼ P0
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r

c

n o
exp � σ2

2c2
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� �
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2c2
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� �� � (2:7)

Inspecting the solution (Equation 2.7) we realize that the Fourier transform of the
Gaussian pulse consists of the sum of two Gaussian functions, which become maximal
for ω ¼ �ω0, that is for positive and negative values of the signal frequency ω0.

Mathematical note
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Fast Fourier Transform
In the above example we obtained the Fourier transform of a Gaussian pulse by
straightforward integration, which is only possible for specific examples. In practice,
numerical methods are required to estimate the spectrum of a signal.

The standard numerical method to estimate the Fourier transform of a time series is the
Fast Fourier Transform, or FFT (Brigham, 1974). The FFT is an efficient algorithm of
the discrete Fourier transform (DFT) where the integral in Equation 2.2 is replaced by a
finite sum

Fm ¼ 1

fS

XN�1

n¼0

Pn exp �iωmnf g (2:8)
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where fS is the sampling frequency of the time series Pn.
The DFT uses N discrete samples Pn , n = 0, . . ., N – 1, that is, the continuous function

PðtÞ is now sampled at discrete times. If we assume that Pn is sampled at time tn then the
sampling frequency is simply the reciprocal value of the time difference between two
consecutive samples dt ¼ tn � tn�1, which in general is taken to be constant, that is:

fS ¼ 1

tn � tn�1
.

Although the DFT is defined without constraints on the frequency ωm, practical
implementations, for example the Fast Fourier Transform (FFT), replace the continuous
frequency ωm of the Fourier transform by discrete frequencies ωm ¼ 2π m

M where
m ¼ 0; � � � ;M� 1. By the oscillating nature of the complex exponential term
exp �iωmnf g ¼ exp �iðωm þ 2πÞnf g, it is sufficient to limit the frequency between
ωm ¼ 0 and ωm ¼ 2π, or equivalently to limit the number of discrete frequencies
between m = 0 and m = M – 1.

Figure 2.12 shows a direct comparison of the Fourier transform (Equation 2.2) and the
FFT implementation of the DFT (Equation 2.8) of a Gaussian pulse. The thin line
describes the closed form solution of the Fourier integral (Equation 2.2) and the dots
give the FFT results. These FFT values in Figure 2.12 are connected by straight (thick)
lines to support the visualization, but also to demonstrate that the Fourier transform
coincides with the FFT values at the FFT frequencies. The common practice of inter-
polating linearly between FFT frequencies, as done in Figure 2.12, is in general no more
than a visualization tool and does not result in a proper interpolated transform.

Figure 2.12 Real component of Fourier transform (thin line) and FFT (thick line).
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Matlab code
%Scr2_7
if ~exist('ifl'), ifl=1; end

%pulseFFT
r=20; % center location [km]
c=1.5; % sound speed [km/s]
lam=10; % signal wavelength [km]
sig=4; % Gaussian pulse width

% signal frequency [Hz]
fo=c/lam;
omo=2*pi*fo;

%sampling frequency [Hz];
fs=10;
%time vector for sampling pressure
t=0:(1/fs):25;
% sampled Gaussian pulse
Pt=exp(-1/2*((c*t-r)/sig).^2).* . . .

cos(2*pi*(c*t-r)/lam);

%frequency vector for Fourier transform
fa=-0.4:0.001:0.4;
% circular frequency
oma=2*pi*fa;
%Gaussian pulse Fourier transform
Fa=1/2*sqrt(2*pi)*sig/c*exp(-i*oma*r/c).* . . .

(exp(-sig^2/2*((oma-omo)/c).^2)+ . . .
exp(-sig^2/2*((oma+omo)/c).^2));

% number of FFT frequencies
if ifl==1

nfft=256;
else

nfft=512;
end
% call of FFT
Fct=fft(Pt,nfft)/fs;
% rotation to center zero frequency
Fc=fftshift(Fct);
% frequency vector for FFT
fc=((0:nfft-1)/nfft-0.5)*fs;

%display results
figure(1)
hp=plot(fa,real(Fa),'k-',fc,real(Fc),'k*-',fc, real(Fc),'ko');
set(hp(2),'linewidth',2)
xlim(0.5*[-1 1])
xlabel('Frequency [Hz]')
ylabel('Fourier Transform')
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Comment on the call to the FFT
The simplest call to the FFT is y = fft(x), where x is a time series and y is the FFT
output. If the length of the time series is N then the number of frequencies estimated by
fft(x) is also N. The number of frequencies to be estimated may also be specified
by the second input number y = fft(x,nfft) where it is customary to specify the
number of frequencies as a power of 2 (e.g. nfft = 128, 256, 512, 1024, etc). The reason
for this is that FFT implementations are computationally more efficient when the number
of frequencies is a power of 2. The Matlab implementation of the FFT is further such that
if nfft is less than the length of the time series vector x then the FFT uses only the first
nfft samples and the rest is ignored. If the number of requested frequencies nfft is
greater than the number of samples in the vector x then the FFT implementation extends
to input vector x to a length of nfft by adding zero values.

Interpolating FFT
If we want to increase the frequency accuracy of the FFT to approach the Fourier integral
we simply have to increase the number of frequencies, that is, to increaseM (or nfft in
the Matlab script). Figure 2.13 shows the result of the same Matlab script as used for
Figure 2.12, with the exception that the number of frequencies to be estimated by the FFT
is now increased from nfft = 256 to nfft = 512, i.e. twice as many frequencies and
therefore a better approximation to the Fourier integral. In particular, the frequency at
which the spectrum becomes maximal is now more accurately estimated.

Figure 2.13 Interpolating FFT. Similar to Figure 2.12, but with nfft = 512.
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Increasing the spectral accuracy is, however, not synonymous with increasing the
spectral resolution, for which one needs to increase the number of samples in the dataset.
It should be obvious that by adding zeros to the dataset, as done with the interpolating
FFT, we do not add more information on the spectral content to obtain the dataset, and we
should therefore not expect to obtain more detail in the spectrum.

A similar result could have been achieved by decreasing the sampling rate by a factor
of 2, that is by replacing fs = 10 with fs = 5. Decreasing the sampling rate to increase
the spectral fidelity is always possible if the spectral energy is expected to be at
frequencies that are much lower than the sampling frequency. In the example of
Figure 2.13 the maximal observed spectral content is below 0.4Hz and therefore well
below the sampling frequency of 10Hz. The limit of this resampling is given when the
sampling frequency corresponds to the maximal spectral extent including both positive
and negative frequencies.

Nyquist criterion for sampling frequency
The above discussion on the spectral fidelity may be seen in a different light. A spectral
analysis is only acceptable if the signal has zero, or negligible, energy in the region of and
above half the sampling frequency, or otherwise the sampling frequency must be
increased. This is equivalent to the Nyquist criterion, which requires that the sampling
frequency must be higher than twice the maximum frequency present in the signal. If
necessary, the data have to be lowpass filtered before being sampled to remove all
frequency content above the Nyquist frequency (half the sampling frequency). All
spectral energy that is found at higher frequencies than the half the sampling frequency
will otherwise be folded (aliased) into the measured spectrum and contaminate the
spectrum of interest. We will return in Chapter 10 to the constraints on selecting a proper
sampling frequency in data acquisition systems.

2.4.2 Spectra of cetacean clicks

At this point we have the means to estimate the spectra (Equation 2.3) of the four selected
cetacean clicks (Figures 2.2, 2.4, 2.7 and 2.11), which are given in Figure 2.14. It is
custom to present only the positive frequencies in the spectra as for real valued signals the
spectrum is symmetric around zero, i.e. the spectra are equal for positive and negative
frequencies. The spectra in Figure 2.14 are normalized to the peak value to ease
comparison of the different signals. We note that the spectra of the four clicks peak at
different frequencies, that is, we obtain as the dominant frequency 39.75 kHz for the
Cuvier’s beaked whale click, 107.67 kHz for the bottlenose dolphin click, 8.63 kHz for
the sperm whale pulse and 137.70 kHz for the harbour porpoise click.

Matlab code
To generate Figure 2.14 we first program a support function, which loads the data and
carries out the FFT. As we want to carry out this functionality multiple times, it is
convenient to offload this functionality into a separate Matlab function. After the support

Cetacean sounds in the frequency domain 59



function getSpectrum we find the script that loads the individual clicks and displays
them in a single figure.

Support function
function [S,fc,x,fs]=getSpectrum(fname,nfft,xl)
%obtain sampling frequency
[x,fs]=wavread(fname,1);
kfs=fs/1000;
[x,fs]=wavread(fname,round(xl*kfs));
%
% call of FFT
Fc=fft(x,nfft)/fs*2;
S=10*log10(Fc.*conj(Fc));
% frequency vector for FFT
fc=(0:nfft-1)/nfft*kfs;

Script to generate Figure 2.14

%Scr2_8
% number of FFT frequencies
nfft=512;

fname1='../Pam_book_data/sw253a01_010719.wav';
sp1='Sperm whale'; xl1=10058+[0 1.5];
[S1,fc1,x1,fs1]=getSpectrum(fname1,nfft,xl1);
S1=S1-max(S1(2:end));

Figure 2.14 Spectra of cetacean echolocation clicks. (Pm: sperm whale; Zc: Cuvier’s beaked whale;
Tt: bottlenose dolphin; Pp: harbour porpoise)
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fname2='../Pam_book_data/zifioSelectScan.wav';
sp2='Cuvier''s beaked whale'; xl2=1942+[0 1];
[S2,fc2,x2,fs2]=getSpectrum(fname2,nfft,xl2);
S2=S2-max(S2(2:end));

fname3='../Pam_book_data/T0003217_scan_for_ ranging.wav';
sp3='Bottlenose Dolphin'; xl3=476.3+[0 0.1];
[S3,fc3,x3,fs3]=getSpectrum(fname3,nfft,xl3);
S3=S3-max(S3(2:end));

fname4='../Pam_book_data/Phocoena.wav';
sp4='Harbor porpoise'; xl4=[0.2 0.7];
[S4,fc4,x4,fs4]=getSpectrum(fname4,nfft,xl4);
S4=S4-max(S4(2:end));

ifr=2:nfft/2+1;
figure(1)
hp=plot(fc1(ifr), S1(ifr),'k-', . . .

fc2(ifr), S2(ifr),'k-', . . .
fc3(ifr), S3(ifr),'k-', . . .
fc4(ifr), S4(ifr),'k-','linewidth',2);

set(hp(2),'color',0.5*[1 1 1])
set(hp(4),'color',0.5*[1 1 1])
ylim([-50 0])
xlabel('Frequency [kHz]')
ylabel('Spectrum [dB]')
legend('Pm','Zc','Tt','Pp',0);

fmax1=fc1(find(S1(ifr)==max(S1(ifr))));
fmax2=fc2(find(S2(ifr)==max(S2(ifr))));
fmax3=fc3(find(S3(ifr)==max(S3(ifr))));
fmax4=fc4(find(S4(ifr)==max(S4(ifr))));
res=[fmax1,fmax2,fmax3,fmax4]

2.5 Cetacean sounds in the time–frequency domain

The spectral analysis of cetacean sounds as presented in Section 2.4 implicitly assumes
that the frequency of the signal is constant during the analysis period, or that we are not
interested in an analysis of the time-dependence of the signal frequency function. Here
we extend the analysis and ask for a concurrent time and frequency analysis.

2.5.1 Theoretical basis

Let us consider a time series or signal of the form

PðtÞ ¼ AðtÞ cos 2π fðtÞ tf g (2:9)

and let us estimate both the amplitude AðtÞ and the frequency fðtÞ as a function of time.
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Short Time Fourier Transform (STFT)
The standard procedure for presenting time-varying signals is the spectrogram, which is
the magnitude of the Short Time Fourier Transform (STFT) Xðω; τÞ, defined as

Xðω; τÞ ¼
ð∞
�∞

PðtÞwðt� τÞ exp �iωtf gdt (2:10)

where wðt� τÞ is a window function centred around time τ and P(t) is the time series as
defined in Equation 2.9.

As the name already indicates, the STFT is applied to a short snippet of the data
that has been cut out of the time series by a window function wðt� τÞ. The reason for
this approach is the assumption that, for signals with moderate variation in amplitude
and frequency, short snippets may be characterized by signals with near-constant
frequency.

Typical window functions are the Hann window, the Hamming window and the Gauss
window, defined as follows

wHannðt� τÞ ¼ 1

2
1þ cosðπ t� τ

τ
Þ

h i
for t� τj j5τ (2:11)

wHammingðt� τÞ ¼ 1

2
1:08þ 0:92 cosðπ t� τ

τ
Þ

h i
for t� τj j5τ (2:12)

wGaussðt� τÞ ¼ exp � 1

2

t� τ
σ

� �2� �
(2:13)

The Hann and Hamming windows are defined for t� τj j5τ; the Gauss window is
formally only limited by the length of the time series, but typically could be limited for
t� τj j53σ, as for greater distances from the centre the window values, or weights,
become very small.

Figure 2.15 demonstrates the spectrogram of the Cuvier’s beaked whale click pre-
sented in Figure 2.2. Depending now on two dimensions, time and frequency, the
spectrogram is conveniently presented as a grayscale coded image, where the intensity
denotes the spectral level (expressed in dB values in Figure 2.15). In particular,
Figure 2.15 shows that the Cuvier’s beaked whale click is centred around time t = 0
and frequency f = 40 kHz, covering a time span from at least –0.1 to 0.1ms and a
frequency range from about 20 to over 60 kHz.

Figure 2.16 shows how the spectrogram is in practice constructed from the time series.
The left side of this figure shows the complete time series and emphasizes the Hann
windowed snippet to be used for the Fourier transform, the result of which is presented on
the right column. The three rows show, from top to bottom, the window function applied
to different times t = −0.05, 0, 0.05ms.

While already intuitive from Figure 2.15, the spectra of these three data snippets
demonstrate that the frequency of the Cuvier’s beaked whale click varies slowly and
increases from 34 kHz at −0.05ms to 46 kHz at +0.05ms. This moderate frequency
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Figure 2.15 Spectrogram of Cuvier’s beaked whale click.

Figure 2.16 Effect of Hann window on time series and spectra.
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variation (12 kHz in 0.1ms) is typical of Cuvier’s beaked whale echolocation clicks
(Zimmer et al., 2005a). Similar frequency sweeps were demonstrated for Blainville’s
(Johnson et al., 2004, 2006) and Gervais’ beaked whales (Gillespie et al., 2009).
Measurable frequency variations in echolocation clicks require multi-cycle oscilla-
tions and consequently do not exist in most dolphin clicks. Sperm whale pulses are
also too short (measured in number of oscillations) to support any frequency varia-
tions. Harbour porpoise clicks would be long enough, but do not show a frequency
variation.

Matlab code for generating Figures 2.15 and 2.16
%Scr2_9
[xx,fs] = wavread('../Pam_book_data/zifioSelect Scan.wav');
tt=(0:length(xx)-1)/fs;
fsk=fs/1000;
%
%extract single click
dts=0.25;
tso=1.94215;
ts=tso+[-1 1]*dts/1000;
%
tsel=tt>ts(1) & tt<ts(2);
tt1=(tt(tsel)-tso)*1000;
xx1=xx(tsel);
bias=mean(xx1);
xx1=xx1-bias;
%
% spectrogram
nfft=128;
%Matlab 7.5
%[S, F, T, P] = spectrogram(xx1,hann(32),30,nfft,fsk);
%M=10*log10(abs(P));
%Matlab 7.0
[B, F, T] = specgram(xx1,nfft,fsk,hann(32),30);
M=20*log10(abs(B));

%plot spectrogram
figure(1)
imagesc(T-dts, F, M); axis xy
grid on
colormap(1-gray(12))
cl=caxis;
caxis(-20+[-60 0])
%caxis(cl(2)+[-60 0])
hb=colorbar;
set(get(hb,'title'),'string','[dB]')

xlabel('Time [ms]')
ylabel('Frequency [kHz]')
title('Cuvier''s beaked whale click')
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%apply window to time series

w1=[0*(1:62)'; hann(32); 0*(1:98)'];
z1=xx1.*w1;
w2=[0*(1:81)'; hann(32); 0*(1:79)'];
z2=xx1.*w2;
w3=[0*(1:100)'; hann(32); 0*(1:60)'];
z3=xx1.*w3;

% get FFT spectra
y1=abs(fft(z1));
y2=abs(fft(z2));
y3=abs(fft(z3));
% construct frequency vector
fr=(0:length(y1)-1)*fsk/length(y1);
ifr=fr<fsk/2;

% obtain frequency of spectral maxima
frmax1=fr(find(y1==max(y1),1,'first'));
frmax2=fr(find(y2==max(y2),1,'first'));
frmax3=fr(find(y3==max(y3),1,'first'));

%plot time series and spectra side by side
figure(2)
set(gcf,'position',[100, 100, 560, 600])
subplot(321)
hp=plot(tt1,xx1,'k',tt1,z1,'k'); xlim(tt1([1 end]))
set(hp(2),'linewidth',2)
ylabel('rel. Amplitude')
subplot(322)
plot(fr(ifr),y1(ifr),'k')
text(100,max(y1),sprintf('max = %.1f kHz',frmax1))
subplot(323)
hp=plot(tt1,xx1,'k',tt1,z2,'k'); xlim(tt1([1 end]))
set(hp(2),'linewidth',2)
ylabel('rel. Amplitude')
subplot(324)
plot(fr(ifr),y2(ifr),'k')
text(100,max(y2),sprintf('max = %.1f kHz',frmax2))
subplot(325)
hp=plot(tt1,xx1,'k',tt1,z3,'k'); xlim(tt1([1 end]))
set(hp(2),'linewidth',2)
xlabel('Time [ms]')
ylabel('rel. Amplitude')
subplot(326)
plot(fr(ifr),y3(ifr),'k')
text(100,max(y3),sprintf('max = %.1f kHz',frmax3))
xlabel('Frequency [kHz]')

To generate the spectrogram, a 32-point Hann window is embedded in a 192-sample
data vector, with varying numbers of leading and trailing zeros.
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Power spectral density
The use of window functions for the STFT leads to the question of their impact on the

spectrum, or in other words, what the spectral values really mean.
From the definition of the Fourier transform (Equation 2.2) we note that the spectrum

is an integral value and therefore describes some mean characteristics of the signal. To

gain some insight we generate a plain sinusoidal signal with unit RMS intensity

xn ¼ A0 cosð2π f tnÞ (2:14)

where we select amplitude A0 ¼
ffiffiffi
2

p
, frequency f = 50 kHz, and time t varying with

sampling interval dt = 1/384ms between 0 and 10 – dt ms. We apply three window

functions, one of which is a rectangular window where effectively all data samples are

considered without changes. The other two window functions are Hann windows with

variable length padded with zeros to remove the remaining data of the signal vector.
The spectra are now estimated according to the following equation

Sm ¼
PN
n¼1

xnwn exp 2πi ðn�1Þðm�1Þ
N

n o����
����
2

N
PN
n¼1

w2
n

(2:15)

where wn is the selected weighting function. That is, we normalize the weighted DFT

with the length of the DFT multiplied by the sum of the window squared.
Figure 2.17 shows the result of this operation; note that only the rectangular window,

which uses the unmodified time series, shows a spike at 50 kHz to 0 dB and negligible

values elsewhere (the –300 dB in the figure are equivalent to a zero spectral level). The

Hann windowed spectra show a broad peak around the signal frequency of 50 kHz and

some residual spectral energy away from the signal frequency.
Figure 2.17 indicates that, although the location of the maximum of the spectrum

(Equation 2.15) denotes the dominant frequency of the signal, the actual spectral values

Sm are not the spectral signal power but the power spectral density of the signal. That is,

by integrating/summing the spectral values Sm over all frequencies we obtain the mean,

or RMS intensity, of the input signal xn. For the example shown in Figure 2.17, this

(relative) RMS intensity of the time series is 1 or 0 dB for all windows; the peak values of

the spectra are 0 dB, −16.6 dB, and –22.7 dB for the different window functions (Rect,

Hann(32)and Hann(128)).
It is worthwhile to note that sharp peaks, as shown in Figure 2.17, only occur if the

signal is strictly periodic, that is, if the phase at the end of the signal is equal to the initial

phase of the signal or if the signal is composed of multiple complete oscillations of a

single frequency. For example, a slightly changed frequency of 50.01 kHz would replace

the sharp peak of Figure 2.17 by a spectral curve that smoothly increases from 0 dB to

nearly 100 dB at 192 kHz.
From this discussion of Equation 2.15, we conclude that in order to obtain physically

meaningful spectral values the FFT must be corrected for the influence of the window, at
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least as implemented in Matlab. However, very often only relative spectral values are
desired, and for these cases this correction may be dropped.

In order to develop the spectrogram it was necessary to apply short windows to
allow the visualization of time-varying signals. Shorter window functions, however,
result in reduced frequency resolutions. If we define the frequency resolution as the
width of the peak that is measured 3 dB below the peak (–3 dB bandwidth Df�3dB)
then by inspection of Figure 2.17 the spectral resolution of the Hann window may be
approximated by

Df�3dB ≈
3

2

fS
NW

(2:16)

where fS is the sampling frequency and NW is the length of the Hann window in
samples.

The spectral resolution depends on the effective width of the window, or equivalently
on the amount of non-zero data used for the Fourier analysis. This is in contrast to the
accuracy of the spectrum, which may be increased by zero-padding the data as shown
above when we discussed the interpolating FFT.

Matlab code to generate Figure 2.17
%Scr2_10
% simulate synthetic signal

Figure 2.17 Comparison of different windows of spectrum estimation.
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Ao=sqrt(2); fs=384; fo=50.01; dt=1/fs; tmax=10;
tt=(0:dt:tmax-dt)';
xx=Ao*cos(2*pi*fo*tt);

%define windows
wo=ones(floor(length(xx)),1);
w1=[hann(32); zeros(length(xx)-32,1)];
w2=[hann(128); zeros(length(xx)-128,1)];

%cut time series
zo=xx.*wo;
z1=xx.*w1;
z2=xx.*w2;

% estimate spectral power
nfft=length(wo);
po=2*abs(fft(zo,nfft)).^2/(nfft*sum(wo.^2));
p1=2*abs(fft(z1,nfft)).^2/(nfft*sum(w1.^2));
p2=2*abs(fft(z2,nfft)).^2/(nfft*sum(w2.^2));

%plot results
fr=(0:nfft-1)*fs/nfft;
ifr=fr<fs/2;

figure(1)
plot(fr(ifr),10*log10(po(ifr)),'k:',. . .

fr(ifr),10*log10(p1(ifr)),'k-',. . .
fr(ifr),10*log10(p2(ifr)),'k','linewidth',2)

grid on
xlabel('Frequency [kHz]')
ylabel('Spectrum [dB]')
legend('Rect','Hann(32)','Hann(128)')
% obtain some numbers
% RMS value (using time series)
rms_x=sqrt(mean(xx.^2));

%integrate spectral power
rms_so=sqrt(sum(po(ifr)));
rms_s1=sqrt(sum(p1(ifr)));
rms_s2=sqrt(sum(p2(ifr)));

%peak level of spectral power
pko=max(10*log10(po(ifr)));
pk1=max(10*log10(p1(ifr)));
pk2=max(10*log10(p2(ifr)));

%display rms and peak values
rms_x
[rms_so rms_s1 rms_s2]
[pko pk1 pk2]
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2.5.2 Dolphin whistles

Although the time–frequency analysis of cetacean sound gives some interesting insight

into beaked whale clicks, its main realm is the analysis of true tonal or pseudotonal

signals, be they dolphin whistles, pulsed signals, or whale songs.
The presence of dolphins is in most cases announced by whistles. Whereas clicks are

easily detected in the time domain, whistles are sometimes very hard to detect this way, if

at all. Figure 2.18 shows such a time series where some ten clicks are easily detected but

the three noise-like sounds need special investigation to be recognized as tonal signals, as

done with the zoom window (insert in Figure 2.18).
Figure 2.19 shows the spectrogram of the same dataset with a 256-point Hann window,

and 192-point overlap. As the data were sampled at 44 100Hz this window covers a time

span of 5.8ms; according to Equation 2.16, this would result in a frequency resolution of

0.26 kHz, which seems appropriate to this type of data. Multiple frequency-modulated

tonal whistles may be clearly noted.
Even though dolphin whistles have been known and studied for a long time, it seems

impossible to establish a unique whistle characterization (see, for example, Esch et al.,

2009). Intuitively, however, there are some basic characteristics to whistles: length of

signal, minimum and maximum frequency, start and stop frequency, interval between

consecutive signals.
One analysis objective of bioacoustics is to describe dolphin whistles as accurately as

is necessary to allow species classification or even identification of individuals and

Figure 2.18 Time series of bottlenose dolphin whistles (courtesy G. Pavan).
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different researchers follow different approaches. As research in whistle classification is
ongoing, we fall back to a careful description of what we see in a spectrogram. In
Figure 2.19, we note a tonal signal with variable frequency that is repeated in a very
similar way, as shown around 0.7 and 3.3 s, but which may be also very different, as
shown with the signal at 5.4 s. We may attribute the three signals to the same animal, as
the frequency modulation of the first two whistles is similar, interfering signals are
absent, and the signals have similar pressure amplitude and duration (Figure 2.18).

The two repetitive signals (0.7 and 3.3 s) are relatively simple upsweeps, showing,
however, a second simultaneous signal at about twice the frequency. As these additional
signals occur at multiple frequencies, they are frequently also called harmonics and the
signal with the lowest frequency is then called the fundamental, or first harmonic signal.
That these additional higher-frequency signals are really harmonics is demonstrated in
Figure 2.20, which shows that the second higher-frequency signal is indeed the second
harmonic as they coincide.

Harmonics are related with overtones, but they are counted differently, leading to some
possible confusion. The first harmonic is the fundamental tone and the second harmonic
is the first overtone, and so on.

The presence of harmonic signals is rather common in natural generation of tonal
sounds and the variation in the intensity of these harmonics allows the recognition of
individual speakers, at least between humans, where harmonics in speech are also called
formants.

Figure 2.19 Spectrogram of bottlenose dolphin whistles
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Figure 2.20 Zoom into Figure 2.19 with frequency traces. The white solid line is the fundamental signal; the
white dashed line is the second harmonic.

Figure 2.21 Multi-loop whistles of a bottlenose dolphin (zoom into Figure 2.19).
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Dolphin whistles may be repetitive, as seen in Figure 2.19 for the first two
whistles, but may also be very variable, as demonstrated in Figure 2.21, where
the third signal from Figure 2.19 is shown in more detail. We recognize again the
presence of harmonics and also that this particular signal is composed of up and
down sweeps with much higher rates of frequency changes adding more difficulty to
a global systematic whistle characterization scheme. It seems clear that in addition
to the above-mentioned basic characterization we have to consider the rate by which
the frequency changes, or how often the signal frequency varies between the
extremes.

Matlab codes for Figures 2.18, 2.19 and 2.21
%Scr2_11
isel=1;

root='../pam_book_data/';

f=[];
ii=1; f(ii).name='T_t_short'; f(ii). title='T_truncatus';
f(ii).xl=[0 4];
ii=2; f(ii).name='S_coe_short'; f(ii). title='S_coeruleoalba';
f(2).xl=[0 1.5];

fname=f(isel).name;
tname=f(isel).title;
xl=f(isel).xl;

xx=[];
[xx,fs]=wavread([root fname]);
xx=xx(:,1);
tt=(0:length(xx)-1)/fs;

[B, F, T]=specgram(xx-mean(xx),1024,fs, hann(256),192);

figure(1)
clf
h1=axes;
ax=get(h1,'position');
line(tt,xx-mean(xx),'parent',h1,'color','k');
h2=axes('parent',gcf,'position',[0.37 ax(2) +0.06 0.5 0.3]);
line(tt,xx,'parent',h2,'color','k'),xlim(0.5 +[0 4]/1000)

figure(2)
imagesc(T, F/1000,20*log10(abs(B))), axis xy
colormap(1-gray)

cl=caxis;
caxis(max(cl)+[-60 0])
xlabel('Time [s]')
ylabel('Frequency [kHz]')
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title(tname,'interpreter','none')

figure(3)
imagesc(T, F/1000,20*log10(abs(B))), axis xy
xlim([5 6])
colormap(1-gray)
cl=caxis;
caxis(max(cl)+[-60 0])
xlabel('Time [s]')
ylabel('Frequency [kHz]')
title(tname,'interpreter','none')

return

Script for Figure 2.20
%Scr2_12
root='../pam_book_data/';

fname='T_t_short'; tname='T_truncatus'; xl=[0 4];

xx=[];
[xx,fs]=wavread([root fname]);
xx=xx(:,1);
tt=(0:length(xx)-1)/fs;

[B, F, T]=specgram(xx-mean(xx),1024,fs, hann(256),192);

P=abs(B);
isel=find(T>0.5 & T<1.0);
if1=F<12000;
if2=F>12000;
i1=0*isel;
i2=0*isel;
for ii=1:length(isel)

[d,i1(ii)]=max(P(if1,isel(ii)));
[d,i2(ii)]=max(P(if2,isel(ii)));

end

fr1=F(i1)/1000;
fr2=12+F(i2)/1000;

figure(1)
hold off
imagesc(T, F/1000,20*log10(abs(B))), axis xy
xlim([0.5 1.0])
colormap(1-gray)
cl=caxis;
caxis(max(cl)+[-60 0])
xlabel('Time [s]')
ylabel('Frequency [kHz]')
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hold on
plot(T(isel), fr1,'w-', T(isel), 2*fr1,'k-', T(isel), fr2, . . .

'w--','linewidth',2)
hold off

return

The spectrogram in this script is estimated by the Matlab function

[B, F, T]=specgram(xx-mean(xx),1024,fs, hann(256),192);

This function is nowadays obsolete and should be replaced by

[S, F, T, P] = spectrogram(xx-mean(xx), hann(256),192,1024,fs);

similar to script Scr2_9. Apart from the order of the arguments, there is one big differ-
ence: the spectral power (in dB) is in the first script estimated as 20*log10(abs(B)),
and for the newer version it is 10*log10(abs(P)).

2.5.3 Pulsed calls

We have seen so far that dolphins emit clicks and whistles, that is, pulse-type and tonal
sounds. It seems logical that there should be something between these two categories;
indeed, we have what are known as pulsed calls.

Figure 2.22 shows a sequence of pulsed calls of a long-finned pilot whale recorded in
the Mediterranean Sea. These pulsed calls seem to be tonal signals that exhibit a series of
harmonics, where, however, the first harmonic is not necessarily the dominant one, or the
intensity of the higher-order harmonics may therefore not decrease with order number.

A detailed view (Figure 2.23) reveals that pulsed calls resemble more amplitude-
modulated signals where a carrier frequency is modulated by a similar sinusoidal sound,
generating the characteristic side-lobe structure seen in Figure 2.22.

Empirical mode decomposition (EMD)
To analyse this complex signal in more detail we do not use the Fourier analysis but apply
the Huang empirical mode decomposition (EMD) to decompose the signal in a series of
oscillating functions

xðtÞ ¼
XN
n¼1

CnðtÞ þ RNðtÞ (2:17)

where Cn(t) are oscillating functions, also called IMF (intrinsic mode functions), which
are characterized by a decreasing number of zero crossings with increasing index n, and
RN(t) is in general a non-oscillating final trend (Huang et al., 1998; Flandrin et al., 2004).

From Figure 2.24, which shows the decomposition of the pulsed-call time series of
Figure 2.23, we note that indeed the number of oscillations, and therefore zero crossings,
decreases with increasing IMF number. The EMD method is a purely data-driven
analysis method and I will go into a more detailed description of the algorithm by
commenting on the Matlab code (see below).
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Figure 2.23 Pulsed-call time series, a zoom into the time series used for Figure 2.22.

Figure 2.22 Pulsed call from long-finned pilot whales (courtesy P. Tyack).
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Comparing each IMF with the original time series (Figure 2.23) one observes that the

basic time series IMFs are much easier to interpret than the original complex signals,

demonstrating the power of this decomposition method. In particular, one notes that the

first three IMFs (C1–C3) are simple oscillations with recurring features that may give

some insight into the sound generation mechanism, or that may even be used to extract

encoded information in pulsed calls.
The signal decomposition clearly shows that this particular pulsed call is composed of

two units (0.9205 to 0.9243) and (0.9243 to 0.9299) separated by zero amplitudes in C1

and increased oscillations in C3. Each of these units is composed of nearly identical

amplitude-modulated or phase-modulated signals as seen in C1 and C2, respectively. By

combining these two dominant modes, we obtain a time series that is indeed very similar

to the original pulsed-call time series, as shown in Figure 2.25.
The EMD is a rather out-of-mainstream approach to analyse complex time series and is

aimed to provide more insight into the physical causes of waveforms (here sound

generation) or the information content of the signal. However, the applications of

EMD to cetacean sound are still limited (Adam, 2006a, b).
As the purpose of the EMD is to decompose a complex oscillating time series into a

small number of more elementary time series, or IMFs, the question arises of how this

approach compares with the classical Fourier series where periodic signals are decom-

posed into a series of trigonometric functions with constant amplitude:

Figure 2.24 Signal decomposition of time series shown in Figure 2.23.
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Figure 2.25 Dominant mode decomposition and synthesis of single pulse. Top panel: original time series,
bottom panel: C1 as dashed line, C2 as thin solid, and C1+C2 as thick line.

Figure 2.26 Spectral analysis of EMD (dotted: C1, thin line: C1+C2, thick: original).
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xðtÞ ¼
XN
n¼1

An cosð2π fntÞ þ Bn sinð2π fntÞð Þ þ RNðtÞ (2:18)

By not constraining the decomposition to trigonometric functions, the EMD seems to
be a more general approach. It is therefore very instructive to compare the power
spectrum of the original time series (Figure 2.23) with the spectrum of the funda-
mental IMF C1 and the sum of the first two fundamental IMFs C1+C2. This
comparison is shown in Figure 2.26, showing clearly that the C1 is nearly a
highpass-filtered version of the original time series and that adding higher-order
IMFs to the sum adds increasingly lower-frequency components. The EMD can
therefore be considered as a recursive system of highpass filters, which is also
suggested by the fact that the number of oscillations (mean frequency) is decreasing
with the order of the IMF.

Matlab code to generate Figures 2.23 – 2.26
%Scr2_14
root='../pam_book_data/';
fname='G_melasTag3'; tname='G_melas'; xl=[0.9 0.95];

xl1=[0.92 0.93];

[xx,fs]=wavread([root fname]);
tt=(0:length(xx)-1)'/fs;
xsel=tt>xl(1) & tt<xl(2);
xx1=xx(xsel,1);
tt1=tt(xsel);
%
% EMD signal decomposition
Nimf=10;
iimax=100;
[C, R, N] = EMD(tt1,xx1, Nimf,iimax);

figure(1)
set(gcf,'position',[100 100 560 680]);
ifg=1;
plotEMD(ifg,tt1,C,N,xl1)

% compare IMFs with original
xl3=0.91192+[0 0.00095];
figure(2)
subplot(211)
plot(tt1,xx1,'k','linewidth',2),xlim(xl3),grid
set(gca,'xticklabel',[])
subplot(212)
plot(tt1,C(:,1),'k'),xlim(xl3),grid
line(tt1,C(:,2),'color','k','linestyle','–'), xlim(xl3),grid
line(tt1,sum(C(:,1:2),2),'color','k','linewidth',2)
xlabel('Time [s]')

% spectral analysis of EMD
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[Po, F]=psd(xx1,[],fs/1000);
P1=psd(C(:,1),[],fs/1000);
P2=psd(sum(C(:,1:2),2),[],fs/1000);

figure(3)
plot(F,10*log10(abs(Po)),'k','linewidth',2)
line(F,10*log10(abs(P1)),'color','k')
line(F,10*log10(abs(P2)),'color','k')
xlabel('Frequency [kHz]')
ylabel('Power spectrum [dB]')

Plotting support function

function plotEMD(ifg,tt,C,N,xl)
% plot IMFs
im=length(find(N>0));
figure(ifg)
for ii=1:im

subplot(im*100+10+ii)
plot(tt,C(:,ii),'k'), xlim(xl)
ylabel(sprintf('C%d',ii))
if ii<im, set(gca,'xticklabel',[]), end
if ii==1, title('Signal decomposition'),end

end
xlabel('Time [s]')

EMD processing

function [C,R,N] = EMD(tt,xx,Nimf,iimax)
%[C,R,N]=function EMD(tt,xx,jmax,imax)
% EMD signal decomposition
%
% search for local maxima in time series
locMax = @(x) . . .

1+find(x(2:end-1)>x(3:end) & x(2:end-1)> =x(1:end-2));
%
% pre-allocate storage for residual R and IMFs C
R=zeros(length(xx),Nimf);
C=0*R;
% we use N to remember number of iterstions required oper IMF
N=zeros(1,Nimf);
%
% we sart with original time series
R(:,1)=xx;
for jj=1:Nimf-1 % upper limit must be one less than the number of IMFs

%
x1=R(:,jj); % get residual
for ii=1:iimax % try max 20 times to find IMF

xo=x1; % data set to be worked on
lmx=locMax(xo); % find local maxima
lmn=locMax(-xo); % find local minima
% check if we already got IMF
if length(find(xo(lmn)>0))+ . . .
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length(find(xo(lmx)<0))==0, break,end
% construct envelope by interpolating extrema
xmx=interp1(tt(lmx),xo(lmx), tt,'cubic','extrap');
xmn=interp1(tt(lmn),xo(lmn),tt,' cubic','extrap');
% Construct new data set by centring in between envelope
xm=(xmx+xmn)/2;
x1=xo-xm;

end
%Store number of iterations, IMS and residual
N(jj)=ii;
C(:,jj)=x1;
R(:,jj+1)=R(:,jj)-x1;
%
% if first attempt yieded to IMF this should be the last one
if ii==1, break,end

end
%

Comments on EMD code
The EMD estimates first an average, or mean, time series by forming the arithmetic mean
of two envelope functions, one of which is connecting the local maxima and the other one
is connecting the local minima of the time series. Subtracting this mean function from the
original time series yields an intrinsic mode function (IMF) if the function is symmetric
around zero amplitude, that is, if the amplitudes at the new local maxima are strictly
positive and the amplitudes of the local minima are strictly negative. In cases where the
modified time series is still asymmetric, an IMF has not been found and the procedure of
constructing a new improved mean function continues. If an IMF has been found, it is not
only stored but also subtracted from the original time series, resulting in a residual time
series that may or may not be an oscillating function. In the case that this residual time
series is a non-oscillating function, we have found a general trend and the EMD
procedure is terminated, otherwise a new IMF will be sought that best describes the
oscillating features of the residual time series. The application of the EMD algorithm is
straightforward, except in the presence of significant levels of noise, where the algorithm
has difficulty in finding a final trend. In fact, one feature of noise is that it may be
considered as an infinite sum of deterministic, oscillating functions.

2.5.4 Buzzes and rapid pulse trains

Sequences of pulses or clicks are typical for echolocating toothed whales as presented
earlier in this chapter. To qualify for echolocation these clicks or pulses must be spaced in
time in such a way to allow the reception of prey echoes before emitting a new click or
pulse. Very often toothed whales also emit very rapid pulse sequences (buzzes) with only
limited echolocation capability, i.e. with an inter-pulse interval of the order of 1.5ms or
less. A typical example of such a buzz is shown in Figure 2.27 for a bottlenose dolphin,
where the mean inter-pulse interval is 1.3ms.
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Eliminating standard echolocation application, one could consider these buzzes useful

for investigation of nearby objects, or as part of social activities. Nevertheless, buzzes are

worth considering separately, as Figure 2.27 shows clearly that what in a spectrogram

appears as a multi-harmonic signal, is in reality a sequence of short pulses that are

repeated with such a high repetition rate that multiple pulses fall within the spectrogram

analysis window (see also Watkins, 1967). The spectrogram window in this case is a

Hann window, which is 5.8ms long (256 points at 44.1 kHz sampling frequency) cover-

ing therefore at least 4 pulses. Taking multiple pulses into a Fourier transform does result

in a side-lobe-rich spectrum, as seen in the spectrogram of Figure 2.27. That these side-

lobes are reasonably constant as a function of time is then an indication that the inter-

pulse interval within the buzz is nearly constant.
Not only toothed whales but also baleen whales emit rapid pulse trains. Figure 2.28

shows a rapid pulse train by a minke whale. Here, the mean inter-pulse interval is 0.7 s

(from 30 to 35 s), much longer than the inter-pulse interval of the bottlenose dolphin buzz

and resembling more a jackhammer than the buzz of a bee.
As the spectrogram window (0.128 s) is much smaller than the inter-pulse interval, we

should not be surprised that the spectrogram resolves the time of each pulse and does not

show the multiple side-lobe structure as shown in Figure 2.27 for the bottlenose dolphin

buzz.

Figure 2.27 Buzz of a bottlenose dolphin (top panel: spectrogram, bottom panel: zoom into time series)
(courtesy G. Pavan).
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2.5.5 Call trains

In contrast to toothed whales, baleen whales are in general not considered to employ
echolocation for foraging, as they do not collect individual prey items but filter large
quantities of water for small fish and zooplankton. However, baleen whales also emit
trains of nearly identical calls. Figure 2.29 shows as an example a train of up-calls emitted
by a north Atlantic right whale. The individual signal varies from 100 to 300Hz and is
repeated every 10 s or so. These right whale up-calls are considered to be contact calls
(Parks and Tyack, 2005) and are therefore intensively used in passive acoustic monitor-
ing of this highly endangered species. The signal-to-noise ratio (SNR) of this sample is
very low; in the signal processing section (below) we will come back to this example.

As call trains could primarily be seen as a repetition of nearly identical calls, or signals,
these call trains could indeed be considered as highly redundant sound emission without
increased information content and therefore mainly suited to maintaining intra-species
contact.

Other interesting and slightly different examples of call trains are emitted by blue and
fin whales. They are not only the largest whales on earth but also the ones that emit sound
with the lowest frequency. Both whales emit sounds around 20Hz, that is, at frequencies
that are known to travel the furthest due to very low sound absorption, as shown in
Section 1.4.4.

Figure 2.28 Rapid pulse train of a minke whale (top panel: spectrogram, bottom panel: partial time series)
(courtesy D. Riesch).
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Figure 2.30 shows some composite calls of Atlantic blue whales, which are rather long

tonal or simple frequency-modulated sounds (c. 10 s for each component) repeated every

90 s or so. Blue whales emit these trains of very low-frequency calls in bouts of hours.
Fin whale calls are similar in frequency (also around 20Hz); however, they are shorter

(c. 1 s) and are repeated more frequently. In Figure 2.31, we see a fin whale call train with

downsweep FM calls repeated on average every 17 s. The duration of a fin whale call

train varies and may be hours.
In Figures 2.30 and 2.31, we note that these blue and fin whale call trains do not

necessarily show a rigid inter-call interval but seem to have some rhythm. If we assume

that these variations are not casual but intentional, then it seems clear that these

variations, or if we prefer, the hidden code, is context-dependent and may vary with

the whales’ activity.
Typical suggestions for the purpose of this low-frequency sound are long-range

communication and navigation, because these low-frequency signals are known to

propagate over long distances with little absorption of the sound energy. The use of

these call trains for communication implies that information is encoded in the signals, or

in other words that the call train is modulated. In fact, we have different call units in the

case of the blue whale, and also variations in the inter-call interval that would be suitable

for carrying information.

Figure 2.29 Up-call sequence of a north Atlantic right whale (courtesy A. Moscop).
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Figure 2.30 Atlantic blue whale composite calls (18Hz for c. 9 s, and 19–16Hz FM for c. 10 s), average interval
between calls c. 90 s (courtesy R. Dziak).

Figure 2.31 Call train of an Atlantic fin whale (courtesy R. Dziak).



The rather large inter-call interval, at least when compared with a rapid pulse train, as

shown in Figure 2.28 for the minke whale, is also consistent with both functional

suggestions (long-range communication or navigation), as both modes of operation

require some time to listen to either a remote conspecific (communication) or an environ-

mental echo (navigation).

2.5.6 Whale songs

If there were a song contest among whales, humpback whales would without doubt

emerge victorious, at least if the jury were composed of Homo sapiens. As well as being

aesthetically attractive, humpback whale songs have been and are still being studied

extensively, mostly to understand why humpback whales sing. In fact only male hump-

backs are known to sing and in general only when swimming alone, and songs are

primarily performed in the winter breeding season (Payne et al., 1983).
Humpback whales may sing continuously for hours and the song is typically com-

posed of fewer than ten themes that are repeated in a particular order during the song

(Tyack, 1999). A theme is made up of phrases or sequences lasting about 15 s.

Figure 2.32 shows such phrases of a humpback song; note the variability of the

components within such a humpback whale song phrase, which makes listening enjoy-

able, but may complicate the implementation of automated passive acoustic monitoring

Figure 2.32 Cut of humpback whale song (courtesy P. Tyack).
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systems. Humpback songs are composed of nearly all sound types discussed so far
(tonals with and without strong harmonics, pulsed calls, etc.).

Tonal and pulsed signals are, however, not the only sounds that are made by humpback
whales; it has been demonstrated that humpback whales may emit echolocation clicks
(Stimpert et al., 2007), the purpose of which is more likely obstacle avoidance and not
foraging.

2.6 Sound source directionality

Sound may or may not be emitted equally in all directions by an animal; there are reasons
why animals might want to emit sound more or less directionally. Whether sound is
emitted directionally or omni-directionally depends mainly on the type and purpose of
the sound emission. If the sound is emitted in a monostatic context where the animal is
both the sender and the receiver of the sound, i.e. echolocation and navigation, then one
might expect the sound energy to be emitted in a directional way to avoid wasteful
emission of sound energy in directions that do not contribute to the success of the actual
acoustic activity. If, on the contrary, sound is intended for communication, and if the
location of the communication peer is not known, than one should expect a more omni-
directional sound emission to give any partner a chance to receive the communication.

The directionality of a sound source depends in general on the relation of the wave-
length of the emitted sound to the dimension of the sound projector: highly directional
sound emissions require large sound projectors. In general, one can say that sound
generated by a single organ, be it the larynx or the phonic lips, is predominantly omni-
directional when the dimension of the sound-producing organ is small compared with the
wavelength of the generated sound. For most toothed whales, or odontocetes, the sound
that is produced by the phonic lips first passes the melon, or the combination of
spermaceti organ and junk in the case of sperm whales, before entering the water
(Norris and Harvey, 1974; Cranford et al., 1996). The purpose of the melon is to focus
the sound into the direction of interest, so that the final emitted sound becomes
directional.

Compared with echolocation clicks, whistles are relatively low-frequency sound
emissions, having fundamental wavelengths that are comparable to the physical dimen-
sions of the sound projectors of dolphins. One might expect that a 2m bottlenose dolphin
would have a melon size of less than 20 cm, so that the ratio of melon size to wavelength
becomes less than one for frequencies below 7.5 kHz.

As sound waves must interfere in a constructive and a destructive way to generate
directionality, a high ratio of melon size to wavelength is required for significant
directionality. Broadband signal emissions, however, have a variable directivity: signal
energy emitted at higher frequencies is more directive than energy emitted at lower
frequencies (see e.g. Lammers and Au, 2003). Interestingly, most whistles vary over a
considerable frequency range, and frequently have harmonics, resulting in a significant
variation of melon size to wavelength ratio and giving a temporal variation in
directionality.
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As spectrograms of pulsed sounds also show frequency components at higher fre-
quencies, one could speculate that these higher-frequency components are also part of a
mixed directionality of the pulsed call (see e.g. Miller, 2002). In this context, it is not of
relevance whether the pulsed call is the result of amplitude modulation or due to an
integration window that is too long. In both cases, energy emitted at higher frequencies is
more directive than energy emitted at lower frequencies.

2.6.1 Physical acoustics of sound source

Concentrating on the sound beam of odontocetes, it is convenient to model the final
sound projector (dolphin melon, or sperm whale junk) as a plane circular piston, a well
analysed and (for most applications) accepted sound projector model. This model should
be considered as a first-order, single-parameter approximation, as the precise description
of real sound radiation patterns requires more than one parameter.

The far field sound radiation from a plane circular piston is given in complex notation
by

Pðr; #; tÞ ¼ P0

r
exp iðωt� krÞf g 2J1ðka sin#Þ

ka sin#

� �
(2:19)

where a is the radius of the circular piston, r is the distance from the piston (r >> a, i.e. far-
field), # is the off-axis angle, that is the angle between the sound axis (normal to the disk
plane) and the direction to the observer, and J1(x) is defined by

J1ðzÞ ¼ z

π

Zπ
0

cos z cos’f g sin2 ’ d’ (2:20)

J1(x) is also known as a first-order Bessel function of the first kind.
The directivity pattern of a sound source is the sound intensity relative to the on-axis

sound intensity

Dð#Þ ¼ Pðr; #; tÞ
Pðr; 0; tÞ
����

����
2

¼ 2J1ðka sin#Þ
ka sin#

� �2

(2:21)

From Equation 2.21 we note that the directivity pattern of a circular piston depends, due
to rotational symmetry, only on the off-axis angle #.

The directivity index (DI) describes the intensity gain achieved by a narrowband or
monochromatic directional sound source relative to an omni-directional sound source
and may be defined by

DI ¼ 10 log
4π

C

� �
(2:22)

whereC is the equivalent solid angle of the sound beam, which is estimated for a planar
circular piston and for ka441 as
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C ¼ 2π
Zπ
0

Dð#Þ sin#d# ≈
4π

ðkaÞ2 (2:23)

and therefore the directivity index of a plane circular piston becomes

DI ¼ 20 logðkaÞ for ka441 (2:24)

In general, the directivity pattern, as given by Equation 2.21, has a forward–backward

ambiguity, as Dð#Þ ¼ Dðπ � #Þ. In reality, only the forward-oriented sound beam is of

interest, which is equivalent to modelling the sound projector as a circular piston in an

infinite baffle, eliminating all backward-oriented energy and side effects of the finite
piston.

The beam pattern and the directivity index presented here are frequency-dependent

and are therefore only valid for strictly narrowband sound emissions. Broadband sound

emissions show a variable directivity, where sound energy emitted at higher frequencies

is more directive than energy emitted at lower frequencies.
Au et al. (1999) give an empirical equation for the directivity index that is based on

measurements on harbour porpoise, bottlenose dolphin, pseudo-orca, and beluga whale:

DI ¼ 28:89� 1:04
d

λ

� �
þ 0:04

d

λ

� �2

(2:25)

where d is the diameter of the head and λ is the wavelength at peak frequency.
Comparing Equations 2.25 and 2.24, one notes that Equation 2.24 increases logarithmi-

cally with the sound aperture, whereas Equation 2.24 is a quadratic function. Therefore, the

shapes of these two expressions seem to be in contrast to each other, but this is mainly due

to the use of an extremely high DI of the beluga whale (DI = 32.6 dB) forcing a positive

quadratic component; a reduction by 3 dB of the DI of the beluga whale would allow an

easy fit to Equation 2.24. Apart from these details, the two formulas generate similar values

for the selected species if one assumes that the radius of the circular piston a (used in

Equation 2.24) is about 16% of the diameter of the animal’s head d (used in Equation 2.25).

In other words, the effective diameter of the radiating surface is one third of the diameter

of the head; this, however, is to be expected from the anatomy of dolphin heads.

2.7 Cetacean source levels

To generate sound requires energy; it therefore makes sense to analyse bio-acoustic

sound levels in terms of the energy that is required to generate this sound.
The on-axis RMS source level SL0, expressed in dB, is obtained from the total radiated

sound energy EA, measured in Ws, by

SL0 ¼ 171þ 10 logðEAÞ � 10 logðTSÞ þDI (2:26)

where
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EA is the total acoustic energy of the whale [Ws] (see also Equation 1.48)
TS is the effective duration of the transmitted signal [s]
DI is the directivity index of the sound source [dB]

The value of 171 is equivalent to �10 log 4π
ρc 10

�12
� �

, a constant required to convert
the omnidirectional sound intensity to sound pressure (ρ = 1000 kg/m3, c= 1500m/s).

Table 2.1 gives an overview of the source characteristics that we can expect for
cetacean sounds. As a rule of thumb one can say that the total energy for a cetacean
signal (single call, click, whistle, etc.) increases with the size of the animal. The largest
whales (blue whales) emit calls with about 1000Ws and small harbour porpoises
generate clicks with about 1 μWs acoustic energy per click, or call.

For the bottlenose dolphin, we find two numbers, 1mWs for clicks and 10mWs for
whistles. As dolphins usually have a moderate click rates, say 10 clicks/s, the emitted
click energy integrated over a time that is equivalent to the duration of whistles is more or
less comparable to the whistle energy.

Table 2.1 is not at all representative, and it is the merit of the increasing interest in
passive acoustic research that more and more publications present quantitative cetacean
source descriptions. The reader is invited to scan the list of references and further reading
for publications on sound descriptions of baleen and toothed whales.

2.8 Order Cetacea

To conclude the presentation of cetacean sounds, it seems appropriate to present all
cetaceans in a more formal way. The classification of cetaceans follows closely Dale
W. Rice, Marine Mammals of the World: Systematics and Distribution (Rice, 1998),
which has become a standard taxonomy reference in the field. However, the presentation
of super- and subfamilies is ignored.

Table 2.1 Typical cetacean source characteristics

Species Signal energy Signal length Directivity index Source level

Calls
Blue whale (Bm) 1000Ws 20 s 0 dB 188 dB
Fin whale (Bp) 40Ws 1 s 0 dB 187 dB
Humpback whale (Mn) 4Ws 1 s 0 dB 177 dB
Minke whale (Ba) 1Ws 0.5 s 0 dB 174 dB
Clicks
Sperm whale (Pm) 1Ws 120 μs 27 dB 237 dB
Cuvier’s beated whale (Zc) 1mWs 200 μs 25 dB 203 dB
Common bottlenose dolphin (Tt) 1mWs 25 μs 26 dB 213 dB
Porpoise (Pp) 1 μWs 100 μs 22 dB 173 dB
Whistles
Common bottlenose dolphin (Tt) 10mWs 1s 0 dB 151 dB

The source levels are given as RMS values in dB re 1 μPa at 1m. All values should be considered as
indicative.
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In addition to the vernacular and scientific names, for most species a list of publica-

tions is given; however, this may not be exhaustive and should be considered as an

introduction to the species-relevant literature. For some species the available information

is abundant and (in the case of sperm whales) may even be considered as biased towards

easy study subjects, but for other species (especially some beaked whales) the published

information is still very scarce.

2.8.1 Suborder Mysticeti: baleen whales

Family Balaenidae: right whales and bowhead whale

* Bowhead whale, Balaena mysticetus

Blackwell et al., 2007; Clark, 1989; Clark and Ellison, 2000; Clark and Johnson, 1984;

Clark et al., 1986; Cosens and Blouw, 2003; Cummings and Holliday, 1987; George

et al., 2004; Heide-Jørgensen et al., 2003, 2006, 2007; Ljungblad et al., 1980, 1986,

1982; Raftery and Zeh, 1998; Richardson et al., 1995b; Stafford et al., 2008; Würsig

et al., 1985
* North Atlantic right whale, Eubalaena glacialis

Baumgartner and Mate, 2003; Gillespie, 2004; Kraus et al., 1986; Matthews et al.,

2001; Murison and Gaskin, 1989; Parks and Tyack, 2005, 2006; Urazghildiiev and

Clark, 2007b
* North Pacific right whale, Eubalaena japonica

Brownell et al., 2001; McDonald and Moore, 2002; Mellinger et al., 2004b; Shelden

et al., 2005
* Southern right whale, Eubalaena australis

Clark, 1982, 1983; Payne and Payne, 1971

Family Neobalaenidae: pygmy right whale

* Pygmy right whale, Caperea marginata

Dawbin and Cato, 1992; Kemper, 2002

Family Balaenopteridae: rorquals

* Common minke whale, Balaenoptera acutorostrata

Gedamke et al., 2001
* Antarctic minke whale, Balaenoptera bonaerensis
* Sei whale, Balaenoptera borealis

Baumgartner and Fratantoni, 2008
* Bryde’s whale, Balaenoptera brydei
* Eden’s whale, Balaenoptera edeni
* Blue whale, Balaenoptera musculus

Alling et al., 1991; Brueggeman et al., 1985; Clark and Fristrup, 1997; Cummings and

Thompson, 1971; Edds, 1982; Fiedler et al., 1998; Mate et al., 1999; McDonald et al.,

1995; Mellinger and Clark, 2003; Reeves et al., 2004; Rivers, 1997; Širović et al.,
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2004, 2007; Stafford, 2003; Stafford et al., 1998, 1999a, 2001, 2004; Teranishi et al.,

1997; Thode et al., 2000; Thompson et al., 1996; Yochem and Leatherwood, 1985
* Fin whale, Balaenoptera physalus

Charif et al. 2002; Clark and Fristrup, 1997; Clark et al., 2002; Croll et al., 2002;

McDonald and Fox, 1999; McDonald et al., 1995; Monestiez et al., 2006; Panigada

et al., 2008; Rebull et al., 2006; Schevill et al., 1964; Širović et al., 2004, 2007;

Thompson, 1992; Watkins, 1981; Watkins et al., 1987
* Humpback whale, Megaptera novaeangliae

Au et al., 2006; Baker et al., 1985; Baraff et al., 1991; Cato, 1991; Cato et al., 2001;

Cerchio et al., 2001; Chabot, 1988; Charif et al., 2001; Clapham and Mattila, 1990;

Clark and Clapham, 2004; Dawbin, 1966; Dolphin, 1987; Frankel et al., 1995;

Gabriele and Frankel, 2003; Helweg et al., 1990; Martin et al., 1984; Mate et al.,

1998; McSweeney et al., 1989; Norris et al., 1999; Payne and Guinee, 1983; Payne

andMcVay, 1971; Payne et al., 1983; Reeves et al., 2004; Silber, 1986; Stimpert et al.,

2007; Thompson et al., 1986; Weinrich et al., 1997; Winn et al., 1981

Family Eschrichtiidae

* Grey whale, Eschrichtius robustus

Crane and Lashkari, 1996; Cummings et al., 1968; Fish et al., 1974; Gardner and

Chávez-Rosales, 2000; Moore and Ljungblad, 1984; Stafford et al., 2007b

2.8.2 Suborder Odontoceti: toothed whales

Family Delphinidae: dolphins

* Commerson’s dolphin, Cephalorhynchus commersonii

Kyhn et al., 2010
* Chilean dolphin, Cephalorhynchus eutropia

Ribeiro et al., 2007
* Heaviside’s dolphin, Cephalorhynchus heavisidii

Watkins et al., 1977
* Hector’s dolphin, Cephalorhynchus hectori

Dawson, 1991; Dawson and Thorpe, 1990
* Long-beaked common dolphin, Delphinus capensis

Bernal et al., 2003
* Short-beaked common dolphin, Delphinus delphis

Goold, 2009
* Arabian common dolphin, Delphinus tropicalis

Smeek et al., 1996
* Pygmy killer whale, Feresa attenuata

Madsen et al., 2004a
* Short-finned pilot whale, Globicephala macrorhynchus

Nores and Pérez, 1988
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* Long-finned pilot whale, Globicephala melas
Baird et al., 2002; Cañadas and Sagarminaga, 2000; Heide-Jørgensen et al., 2002

* Risso’s dolphin, Grampus griseus
Madsen et al., 2004b; Soldevilla et al., 2008

* Fraser’s dolphin, Lagenodelphis hosei
Perrin et al., 1973

* Atlantic white-sided dolphin, Lagenorhynchus acutus
Selzer and Payne, 1988

* White-beaked dolphin, Lagenorhynchus albirostris
Rasmussen et al., 2002, 2004, 2006

* Peale’s dolphin, Lagenorhynchus australis
Kyhn et al., 2010

* Hourglass dolphin, Lagenorhynchus cruciger
Kasamatsu and Joyce, 1995

* Pacific white-sided dolphin, Lagenorhynchus obliquidens
Soldevilla et al., 2008, 2010

* Dusky dolphin, Lagenorhynchus obscurus
Würsig and Würsig, 1980

* Northern right whale dolphin, Lissodelphis borealis
Jefferson et al., 1994; Rankin et al., 2007

* Southern right whale dolphin, Lissodelphis peronii
Jefferson et al., 1994

* Irrawaddy dolphin, Orcaella brevirostris
van Parijs et al., 2000

* Australian snubfin dolphin, Orcaella heinsohni
Parra et al., 2006

* Killer whale, Orcinus orca
Au et al., 2004; Deecke et al., 2005, 1999; Ford and Fisher, 1982, Gaetz et al., 1993;
Miller, 2002; Simon et al., 2007

* Melon-headed whale, Peponocephala electra
Frankel and Yin, 2010

* False killer whale, Pseudorca crassidens
Au et al., 1995; Madsen et al., 2004b

* Tucuxi, Sotalia fluviatilis
Santos et al., 2000

* Costero, Sotalia guianensis
Rossi-Santos et al., 2007

* Pacific humpback dolphin, Sousa chinensis
van Parijs et al., 2002

* Indian humpback dolphin, Sousa plumbea
* Atlantic humpback dolphin, Sousa teuszii
van Waerebeek et al., 2004

* Pantropical spotted dolphin, Stenella attenuata
Baird et al., 2001; Schotten et al., 2003
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* Clymene dolphin, Stenella clymene
Fertl et al., 2003

* Striped dolphin, Stenella coeruleoalba
Gordon et al., 2000; Panigada et al., 2008

* Atlantic spotted dolphin, Stenella frontalis
Au and Herzing, 2003; Herzing, 1996

* Spinner dolphin, Stenella longirostris
Bazúan-Durán and Au, 2004; Lammers and Au, 2003; Lammers et al., 2004, 2006;
Schotten et al., 2003

* Rough-toothed dolphin, Steno bredanensis
Watkins et al., 1987

* Indian ocean bottlenose dolphin, Tursiops aduncus
Hawkins and Gartside, 2009, 2010

* Common bottlenose dolphin, Tursiops truncatus
Akamatsu et al., 1998; Au et al., 1974, 1986, 1982; Buck and Tyack, 1993; Caldwell
et al., 1990; Esch et al., 2009; Freitag and Tyack, 1993; Herzing, 1996; Janik, 2000;
Janik et al., 1994; Murchison, 1980; Norris et al., 1961; Renaud and Popper, 1975;
Sayigh et al., 2007; Simar et al., 2010

Family Monodontidae

* Beluga, Delphinapterus leucas
Au et al., 1985, 1987; Belikov and Bel’kovich, 2003; Erbe and Farmer, 1998; Fish and
Mowbray, 1962; Karlsen et al., 2002; Schevill and Lawrence, 1949; Sjare and Smith,
1986; van Parijs et al., 2003

* Narwhal, Monodon monoceros
Ford and Fisher, 1978; Miller et al., 1995; Møhl et al., 1990; Shapiro, 2006; Watkins
et al., 1971

Family Phocoenidae: porpoises

* Finless porpoise, Neophocaena phocaenoides
Akamatsu et al., 1998; Wang et al., 2005

* Spectacled porpoise, Phocoena dioptrica
* Harbour porpoise, Phocoena phocoena
Amudmin, 1991; Au et al., 1999; Carlström, 2005; Forney et al., 1991; Gillespie and
Chappell, 2002; Goodson and Sturtivant, 1996; Hansen et al., 2008; Møhl and
Andersen, 1973; Verfuss et al., 2005

* Vaquita, Phocoena sinus
Silber, 1991

* Burmeister’s porpoise, Phocoena spinipinnis
* Dall’s porpoise, Phocoenoides dalli
Evans and Awbrey, 1984

Family Physeteridae: sperm whales

* Sperm whale, Physeter catodon (syn. P. macrocephalus)
Adler-Fenchel, 1980; Amano and Yoshioka, 2003; Antunes et al., 2010; Backus and
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Schevill, 1966; Barlow and Taylor, 2005; Bedholm and Møhl, 2006; Clarke et al.,
1993; Cranford, 1999; Cranford et al., 1996; Douglas et al., 2005; Drouot et al., 2004a,
b; Frantzis and Alexiadou, 2008; Gillespie, 1997; Goold and Jones, 1995; Gordon,
1987; Gordon and Steiner, 1992; Gordon et al., 2000; Hastie et al., 2003; Jaquet and
Whitehead, 1999; Jaquet et al., 2001, 2003; Leaper et al., 1992; Madsen, 2002a, b;
Madsen et al., 2002; Mellinger et al., 2004a; Miller et al., 2004a, b; Møhl, 2001; Møhl
et al., 2000, 2002, 2003; Moore et al., 1993; Mullins et al., 1988; Norris and Harvey,
1972; Nosal and Frazer, 2006, 2007; Papastavrou et al., 1989; Pavan et al., 2000;
Rendell and Whitehead, 2004; Schulz et al., 2009; Teloni, 2005; Teloni et al., 2005,
2007; Thode, 2004; Tiemann et al., 2006, 2007; van der Schaar et al., 2009;Wahlberg,
2002; Watkins, 1980; Watkins and Daher, 2004; Watkins and Moore, 1982; Watkins
and Schevill, 1977; Watkins et al., 1993, 1999, 2002; Watwood et al., 2006; Weilgart
and Whitehead, 1997; Whitehead and Weilgart, 1990, 1991; Whitehead et al., 1989;
Zimmer et al., 2003, 2005b, c

Family Kogiidae

* Pygmy sperm whale, Kogia breviceps
Marten, 2000; Madsen et al., 2005a

* Dwarf sperm whale, Kogia sima
Dunphy-Daly et al., 2008

Family Ziphidae: beaked whales

Barlow et al., 2006; Tyack et al., 2006

* Arnoux’s beaked whale, Berardius arnouxii
Hobson and Martin, 1996; Rogers, 1999

* Baird’s beaked whale, Berardius bairdii
Dawson et al., 1998

* Northern bottlenose whale, Hyperoodon ampullatus
Gowans et al., 2000b, 2001; Hooker and Baird, 1999a; Hooker and Whitehead, 2002;
Whitehead andWimmer, 2005;Whitehead et al., 1997;Wimmer andWhitehead, 2004

* Southern bottlenose whale, Hyperoodon planifrons
* Indo-Pacific beaked whale, Indopacetus pacificus
Anderson et al., 2006

* Sowerby’s beaked whale, Mesoplodon bidens
Hooker and Baird, 1999b

* Andrews’ beaked whale, Mesoplodon bowdoini
* Hubbs’ beaked whale, Mesoplodon carlhubbsi
Marten, 2000

* Blainville’s beaked whale, Mesoplodon densirostris
Johnson et al., 2004, 2006; Madsen et al., 2005b; Marques et al., 2009; Rankin and
Barlow, 2007; Schorr et al., 2009; Ward et al., 2008

* Gervais’ beaked whale, Mesoplodon europaeus
Gillespie et al., 2009
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* Ginkgo-toothed beaked whale, Mesoplodon ginkgodens
* Gray’s beaked whale, Mesoplodon grayi
* Hector’s beaked whale, Mesoplodon hectori
* Layard’s beaked whale, Mesoplodon layardii
* True’s beaked whale, Mesoplodon mirus
* Perrin’s beaked whale, Mesoplodon perrini
* Pygmy beaked whale, Mesoplodon peruvianus
* Stejneger’s beaked whale, Mesoplodon stejnegeri
* Spade-toothed whale, Mesoplodon traversii
* Tasman beaked whale, Tasmacetus shepherdi
* Cuvier’s beaked whale, Ziphius cavirostris
Frantzis et al., 2002; Johnson et al., 2004, 2006; Moulins et al., 2006; Zimmer et al.,
2005a, 2008

Family Iniidae

* Amazon river dolphin, Inia geoffrensis
May-Collado and Wartzok, 2007; Podos et al., 2002

Family Lipotidae

* Baiji (extinct?), Lipotes vexillifer
Akamatsu et al., 1998; Wang et al., 2006

Family Pontoporiidae

* Franciscana, Pontoporia blainvillei
Secchi et al., 2002

Family Platanistidae

* Ganges river dolphin, Platanista gangetica
Sinha and Sharma, 2003

* Indus river dolphin, Platanista minor
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3 Sonar equations

This chapter presents and discusses all parts that add up to the sonar equation, which is
the workhorse of sonar design and performance analysis. Here the focus remains on the
passive sonar equation, which is further adapted for detecting cetacean sounds.

Starting with the definition of what constitutes passive acoustic detection, the intro-
duction of the signal-to-noise ratio and the detection threshold, the remainder of this
chapter discusses the different components of the sonar equation:

Source level
Off-axis attenuation
Sound propagation
Noise level
Array gain of the receiver
Processing gain of the receiver

Discussing sound propagation will be a major part of this chapter and will cover
simplified geometric models, but will also introduce reference models from the acoustic
modelling community, especially the Bellhop Gaussian ray-trace model.

As the noise level is another key element of the passive sonar equation, its sources and
levels will be discussed in more detail.

3.1 Passive sonar equations

The sonar equations describe in simple terms the conditions under which sonar systems
succeed in remotely detecting signals. They serve two important practical functions:
performance prediction of existing sonar systems, and design support of new sonar
implementations. The sonar equations come in different flavours depending on whether
they are intended for active or passive sonar usage: the passive sonar equation is the
relevant form for PAM.

There is a variety of ways to formulate the passive sonar equations. Common to all of
them is that they describe the conditions under which the sonar system is fulfilling its
task. To detect a signal (cetacean sound) a decision will be made, by a human observer or
an automatic detector, as to whether a signal is present or not. If no signal is present the
sonar operator will only listen to what is called background noise, that is, the operator or
the PAM system has no indication on the presence of a signal. On the other side, the sonar
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operator will decide on the presence of a signal if he or she notes a variation in the
background noise that can be attributed with some confidence to the presence of the
signal. That is, sonar operators analyse the background noise and detect (decide on
the presence of) signals if what they hear differs in amplitude, energy or statistics from
the background noise.

To avoid subjective decisions, the basic sonar equation is used to determine a critical or
minimal signal-to-noise ratio that is required for the sonar implementation to call for
positive signal detections. To detect a signal, we relate a minimal signal-to-noise ratio
SNR to a fixed and well-defined threshold TH

SNRminðR; #Þ ¼ TH (3:1)

If the actual SNR is above this threshold, then the sonar system will indicate the presence
of a signal; otherwise the system will decide that a signal is absent.

The signal-to-noise ratio is typically expressed in dB; for passive acoustic monitoring
of cetaceans it may be described as follows

SNRðR; #Þ ¼ ASLð#Þ � TLðRÞ �NLþ AGþ PG (3:2)

where

ASL(#) is the apparent source level of the sound source [dB // 1 μPa@ 1m] where the
receiver is not necessarily located in line with the sound axis (i.e. it may be off axis,
where # is the off-axis angle)

TL(R) is the range dependent transmission loss (R range [m])
NL is the background, or ambient, noise level masking the signal
AG is the gain of the receiving hydrophone array
PG is the gain of the processing system

The SNR, as defined in Equation 3.2, describes the signal–to-noise ratio at the moment of
the decision, say in the headphone of an operator who is listening to the underwater
hydrophones. For this reason, Equation 3.2 includes a term that describes the range-
dependent transmission loss TL(R). It also includes the potential gains due to directional
sensitivity of multiple hydrophones (receiving array) AG and also due to any signal
specific data processing PG, which is typically used to reduce unwanted noise contam-
ination of the signal.

3.2 Apparent source level

The apparent source level is a typical quantity when listening for cetacean sounds, and
may be considered as composed of two components: one describing the maximum source
level, the direction of which is also called the acoustic axis, the other describing the
reduction of sound intensity as a function of off-axis angle

ASLð#Þ ¼ SL0 �DLð#Þ (3:3)

where
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SL0 is the on-axis source level
DL(#) is the directional loss of the source as a function of off-axis angle.

If we assume that the sound source is rotationally invariant for cetaceans, then the
apparent source level depends only on the off-axis angle, which is the angle between
the acoustic axis (the direction where most of the acoustic energy goes) and the direction
of the receiver. The directional loss of the sound source is given by the source directivity
pattern (e.g. Equation 2.21) expressed in dB and its negative value is then called off-axis
attenuation.

Broadband off-axis attenuation of Gaussian bio-sonar pulses
Off-axis attenuation is especially relevant for the echolocation of toothed whales emitting
bio-sonar pulses. These pulses are in general very short and therefore broadband and are
emitted from a small, nearly circular area on the head of the animal. If we approximate
these bio-sonar pulses by Gaussian pulses emitted from a circular piston and use
Equations 2.7 and 2.21, we obtain, for positive frequencies, the following frequency-
dependent directivity pattern

D ω; #ð Þ ¼ exp � σ2

c2
ω� ω0ð Þ2

� �
2J1ðka sin#Þ

ka sin#

� �2

(3:4)

We see that for a Gaussian bio-sonar pulse the directivity pattern is weighted with a
Gaussian shape weighting function.

Noting that c ¼ λf ¼ ω
k
and defining ka ¼ k0a and β ¼ a

σ
then we may express the

spectral directivity pattern in terms of ka

D ka; #ð Þ ¼ exp � ka� ka

β

� �2
( )

2J1ðka sin#Þ
ka sin#

� �2

(3:5)

The broadband directivity pattern is then obtained by integrating the spectral directivity
pattern over all frequencies, or equivalently over all ka values

Dbbð#Þ ¼

Ð∞
�∞

exp � ka� ka

β

� �2
( )

2J1ðka sin#Þ
ka sin#

� �
dðkaÞ

Ð∞
�∞

exp � ka� ka

β

� �2
( )

dðkaÞ
(3:6)

In practice the integration may be replaced by a summation ranging from �3β to +3β.
Figure 3.1 shows a comparison of narrowband and broadband off-axis attenuation.
The off-axis loss as given in Equation 3.6 is, in addition to the off-axis angle, a

function of the centre value of ka: ka ¼ k0a and the width β of the spectral distribution
of the pulse measured in terms of ka. It is therefore intuitive to characterize also the
broadband off-axis attenuation in terms of the mean value of ka, or via Equation 2.24 by a
nominal narrowband directivity index. It makes further sense to relate the width of the
Gaussian weighting function to the mean ka value of the bio-sonar pulse.

98 3 Sonar equations



In cases where the estimation of the off-axis attenuation is too cumbersome, an
approximation may be used

Dbx #ð Þ ¼ C1
ðC2 sin#Þ2

1þ C2 sin#j j þ ðC2 sin#Þ2
(3:7)

where the two constants C1 and C2 are given by

C1 ¼ 47

C2 ¼ 0:218ka
(3:8)

As ka may be replaced by the directivity index (Equation 2.24), one could consider the
two parameters given in Equation 3.8 as applicable to most short echolocation pulses,
depending only on the directivity index.

This approximation is shown in Figure 3.1 as a thick, solid curve.

Matlab code
%Scr3_1
DIa=25;
%
kam=10^(DIa/20);
kas=kam/4;

Figure 3.1 Off-axis attenuation of broadband piston (ka = 17.8, β = 4.4). The narrowband off-axis attenuation
is shown in grey; the broadband off-axis loss is shown as a dashed black line; the thick solid line
describes the approximation to the broadband off-axis attenuation.
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%
ka=(kam+(-floor(3*kas):ceil(3*kas)))';
%
dth=0.1;
th=0:dth:90;
%
aa=ka*sin(th/180*pi);
bb0=piston(aa);

wwo=exp(-((ka-kam)/kas).^2);
ww=wwo*ones(size(th));

bbm=mean(ww.*bb0.^2)./mean(ww);

ibm=find(ka==kam);

DI1=2*sum(sin(th/180*pi))/sum(bb0(ibm,:).^2.*sin (th/180*pi));
DIm=2*sum(sin(th/180*pi))/sum(bbm.*sin(th/180*pi));

% approximation of beam pattern
cx=0.218*kam*sin(th*pi/180);
DLx= 47*cx.^2./(1+abs(cx)+cx.^2);
bpx=10.^(-DLx/10);
%
% convert to dB
DL0=-20*log10(abs(bb0(ibm,:)));
DLb=-10*log10(abs(bbm));
DIx=2*sum(sin(th/180*pi))/sum(bpx.*sin(th/180*pi));

figure(1)
plot(th,DL0,'k')
line(th,DLb,'color','k','linewidth', 2,'linestyle','–')
line(th,DLx,'color','k','linewidth',2)
ylim([0 50]);
set(gca,'ydir','rev')
xlabel('Off-axis angle [ ^o]')
ylabel('Off-axis attenuation [dB]')

title(sprintf('DIm = %.1f dB; kam = %.1f; kas = %.1f', . . .
DIa,kam,kas))

legend(['DI_{NB_ }: ' sprintf('%.1f dB',10*log10 (DI1))], . . .
['DI_{BB_m}: ' sprintf('%.1f dB',10*log10 (DIm))], . . .
['DI_{BB_a}: ' sprintf('%.1f dB',10*log10 (DIx))]);

3.3 Sound propagation

When sound propagates through any medium, its intensity is decreasing with time, or
equivalently as a function of distance from the sound source. As one may expect, this
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propagation loss depends heavily on geometry, sound speed profile and frequency of the
sound wave.

From the solution to the spherical wave equation (Equations 1.20 or 1.51), we know
that the sound intensity of a spherical wave varies in inverse proportion to the range
squared

Iðr; tÞ
Ið1; tÞ ¼ r�2 (3:9)

The decrease in sound intensity as a function of range is commonly expressed as trans-
mission loss TL, which is measured in dB and defined by

TLðrÞ ¼ 10 log
Ið1; tÞ
Iðr; tÞ

� �
(3:10)

Equation 3.10 defines the transmission loss due to spatial distribution of sound energy. In
the case of spherical spreading this results in the well-known spherical spreading law:
TLðrÞ ¼ 20 logðrÞ.

In general, the transmission loss is augmented by the absorption as described in
Section 1.4.4 so that the transmission loss is estimated according to

TLðrÞ ¼ 10 log
Ið1; tÞ
Iðr; tÞ

� �
þ αr (3:11)

which for spherical spreading becomes

TLðrÞ ¼ 20 logðrÞ þ αr (3:12)

3.3.1 Transmission loss modelling

It has already been mentioned that sound propagation in real oceans might rarely be
considered as spherical, because spherical spreading requires constant sound speed and
no limiting boundaries. In most cases, we have variable sound speed profiles and
interactions with sea boundaries (surface and bottom).

Although it is possible to generate a sequence of cases where the sound propagation is
modelled more rigorously or even analytically, and although each of these special cases
provides physical insight into acoustic propagation problems, real acoustic propagation
modelling is rarely done analytically but by using more or less sophisticated acoustic
propagation models.

As with all physical models, the results of acoustic models must be understood as an
approximation to the solution. That is, acoustic propagation models are developed to
provide an approximate solution of the wave equation. In this sense the transmission loss
based on the spherical spreading law (Equation 3.12) is also a physical model with only
two parameters (range r and absorption coefficient α), which is valid as long the physical
conditions controlling the validity are satisfied. More complex models will require more
input parameters to generate more realistic results, but as usual, the quality of the output
will be governed by the quality of the input. Complex physical models have in recent
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years become the realm of numerical, i.e. computer-based, approaches to solving phys-
ical problems.

There are a variety of computer models for sound propagation; these however, were
written for specific acoustic problems. In recent years, the Bellhop program (Porter and
Bucker, 1987) has evolved as some sort of favourite in the bioacoustics community. It is
freely available on the Internet and is computationally relatively fast. Bellhop is a ray-
based model and as such appropriate for high sound frequencies: the term ‘high’ means
that the wavelength of the sound is small compared with the available water space and
geometry of interest. As a rule of thumb, one can assume that ray-based models may be
appropriate if the water depth is much larger than the wavelength of sound. For very low
frequencies or very shallow waters, sound propagation is better described by programs
that are more specific to the physics of waveguides (e.g. using mode propagation).

Ray-based and normal-mode-based programs are available on the Internet from the
Ocean Acoustics library (http://oalib.hlsresearch.com/), which contains a suite of acous-
tic modelling software for general use.

A typical transmission loss plot is shown in Figure 3.2. It shows on the left the sound
speed profile and on the right a greyscale image of the modelled transmission loss. The
selected frequency is 40 kHz and therefore very well suited for ray-based modelling. This
plot shows that close to the position of the source (range 0 km and depth 600m) the
transmission loss is small (by definition TL is 0 dB at 1m distance from the source). As
expected from the spherical spreading law, TL increases fast to 40 dB at 100m distance.
Although the 40 db and 50 dB steps are reasonably circular, indicating spherical spread-
ing, we note that beginning with the 60 dB step the TL curvature flattens out, becoming
increasingly depth-independent.

Matlab code
The Matlab code to generate Figure 3.2 is twofold, one encapsulating the interface
protocol of Bellhop and one general script calling the interface function and plotting
the results.

Figure 3.2 Transmission loss estimation using Bellhop. The thick horizontal line indicates the bottom at 2000m.
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Bellhop interface

function [pressure,Pos]=doBellhop(freq,sv,BOT,sd, rd,bty,ang)
% ready for TL estimation
% clean up temp files
warning off
delete ENVFIL
delete BTYFIL
delete LOGFIL
delete SHDFIL
warning on

% prepare input files for Bellhop
fid=fopen('ENVFIL','w');
% TITLE

fprintf(fid,'''PAM_WMXZ''\n');
% FREQ (Hz)

fprintf(fid,'%f,\n',freq);
% NMEDIA

fprintf(fid,'1,\n');
% C-linear, Vacuum, db/lambda, Thorpe

fprintf(fid,'''CVWT'',\n');
% ignored, ignored, DEPTH of bottom (m)

fprintf(fid,'0 0.0 %f \n',sv(end,1));
for jj=1:size(sv,1)

fprintf(fid,'%f %f /\n',sv(jj,1),sv(jj,2));
end

%0.0 is bottom roughness in m
fprintf(fid,'''A*'' 0.0\n');
fprintf(fid,'%f %f 0.0 %f %f 0 \n', . . .

BOT.depth,BOT.pSpeed,BOT.dens,BOT.pAtt);
% the following lines are specific to Bellhop
% NSD

fprintf(fid,'%d\n',length(sd));
% SD(1:NSD) (m)

fprintf(fid,'%f %f /\n',sd([1 end]));
% NRD

fprintf(fid,'%d\n',length(rd));
% RD(1:NRD) (m)

fprintf(fid,'%f %f /\n',rd([1 end]));
% NR,

fprintf(fid,'%d\n',size(bty,1));
% R(1:NR) (km)

fprintf(fid,'%f %f /\n',bty([1 end],1));
% ''R/C/I/S''

fprintf(fid,'''I''\n'); %incoherent
% NBEAMS

fprintf(fid,'%d\n',length(ang));
% ALPHA1,2 (degrees)

fprintf(fid,'%f %f /\n',ang([1 end]));
% STEP (m), ZBOX (m), RBOX (km)

fprintf(fid,'0.0 %f %f,\n', . . .
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1.01*sv(end,1),1.01*bty(end,1));
fclose(fid);

%%%%%%%%%%%%% Bathy
fid = fopen( 'BTYFIL', 'w' );
fprintf(fid, '''%c'' \n', 'C');

fprintf(fid,'%d\n',size(bty,1));
for ii=1:size(bty,1)

fprintf(fid,'%f %f\n',bty(ii,1),bty(ii,2));
end

fclose(fid);

%execute Bellhop
tic
!bellhop <ENVFIL >LOGFIL
toc

%read TL
[titleText, plottype, freq, atten, Pos, pressure ]= . . .
read_shd_bin( 'SHDFIL');

The Bellhop interface function prepares some input files that are required by the Bellhop
program, executes the Bellhop program and finally reads the transmission loss results,
which are then passed back as an output of the function.

The script to estimate transmission loss, as shown in Figure 3.2, by calling doBellhop
is given next. It first calls the function getSoundSpeed to obtain the sound speed for
a given month and geographic location before invoking the Bellhop interface.

%Scr3_2
freq=40000; rmax=6.1;
%freq=15000; rmax=30.1;
%freq=3000; rmax=100.1;
%source depth
sd=600;

%plot parameters
ncol=15; %number of colors
dBs = 10; %dB/step
%cmap=flipud(jet(ncol));
cmap=gray(ncol);

%receiver depth [m]
rd=0:10:2500;

% sound speed profile
month=8;
lat0=41;
lng0=5;
%

[sv,T,S]=getSoundSpeed(month,lat0,lng0);
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BOT.depth=2000;
BOT.dens=2.4;
BOT.pSpeed=3000;
BOT.pAtt=0.1; %dB/lambda

% extend sv if necessary
if rd(end)>BOT.depth

sv(end+1,1)=BOT.depth;
sv(end,2)=sv(end-1,2)+(sv(end,1)-sv(end-1,1))/ 64.1;

end

%describe bottom
rng=linspace(0,rmax,501)';
bty=[rng, 2000+0*rng];
%
ang=-89:89;
[pressure,Pos]=doBellhop(freq,sv,BOT,sd,rd,bty, ang);

pressure(pressure==0)=1e-38;
RL=-20*log10(abs(squeeze(pressure)));

save(sprintf('TL%.0f',freq),'pressure','Pos');

figure(1)
clf
set(gcf,'PaperOrientation','landscape');
set(gcf,'PaperPositionMode','auto');
set(gcf,'position',[100 300 860 330]);

%sv profile ---------------------------
ax1=axes('units','pixel','position',[60,40,100, 250]);
plot(sv(:,2),sv(:,1),'k.-'), axis ij,grid on
xlabel('Sound speed [m/s]')
ylabel('Depth [m]')
ylim(rd([1 end]))
%RL image ---------------------------
ax2=axes('units','pixel','position',[200,40,610,250]);
hold off
hi=imagesc(Pos.r.range/1000,Pos.r.depth,RL);
caxis( [0 ncol*dBs] )
set(gca,'yticklabel',[])
title('Transmission Loss','interpreter','none')
colormap(cmap)
xlabel('Range [km]')
%
hc=colorbar;
set(hc,'units','pixel','position',[820 40 10 250])
set(get(hc,'title'),'string',' dB')
set(hc,'ydir','reverse')
%
hold on
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plot(bty(:,1),bty(:,2),'k','linewidth',2)
hold off

As indicated above numerical propagation models tend to be complex and require an
increased amount of input. Relevant input parameters for Bellhop transmission loss
modelling are given next.

General data
Frequency: freq in Hz
Source depth: sd in m

Environmental data
Sound speed profile:sv as vector: sv(:,1) depth inm,sv(:,2) sound speed inm/s
Bathymetry: bty as vector: bty(:,1) range in km, bty(:,2) depth in m
Bottom characteristics (pressure-wave sound speed and attenuation)

Modelling parameter
Number of range steps, min and max range values
Number of receiver depth steps, min and max receiver depth
Number of beams, min and max beam angle

Notes on parameter selection
To keep computation time reasonable it is advisable to keep the number of beams, ranges
and depth values as small as possible: 250 depth, 500 range and 180 beam values seem to
be reasonable for modern desktop computers. In cases of doubt, one should start with
reduced numbers of values and slowly increase the computational parameters to reach the
desired resolution.

3.3.2 Alternative geometric spreading laws

Equation 3.12 gives the transmission loss of a spherical wave in an iso-velocity and
infinite medium:

TLðrÞ ¼ 20 logðrÞ þ αr (3:13)

If the medium is limited between two horizontal perfectly reflecting planes and the source
is a line source between these two planes then the spreading is cylindrical and the
transmission loss is estimated by

TLðrÞ ¼ 10 logðrÞ þ αr (3:14)

Figure 3.3 compares the two geometric spreading laws with a result from the Bellhop
modelling exercise carried out earlier (Figure 3.2). One may observe that the cylindrical
spreading law never adequately describes the modelled transmission loss. The spherical
spreading law consistently overestimates the modelled TL.
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Even if it is generally accepted that iso-velocity spreading laws hardly describe reality,
there seems to be a need to characterize the transmission loss with the simplicity of
geometric spreading laws. One possible extension to the standard geometric spreading
laws is to assume spherical spreading up to a critical range and then to switch into a
modified spreading law

TLðrÞ ¼ 20 log minðr; r0Þð Þ þ γ log maxð1; r
r0
Þ

� �
þ αr (3:15)

where r0 is the transition range separating the spherical regime from the modified
transmission loss regime, which is characterized by γ.

Figure 3.4 presents Bellhop TL modelling results for three frequencies 3, 15, and 40
kHz. The modelled data represent the TL for a source depth of 600m and a receiver depth
of 100m. In addition to the Bellhop model results (grey lines) Figure 3.4 also shows
(dashed lines) a fit of Equation 3.15 to the individual Bellhop curves. The formulas
describing the modified spreading laws are given within the figure. One notes that all
three cases result in different spreading law coefficients and consequently no single
modified spreading law may be defined, but Equation 3.15 may be used to approximate
the result of the Bellhop model where a more compact transmission loss formula is
desired.

Figure 3.3 Comparison of different transmission loss models for a receiver depth of 100m and a source depth
of 600m. Solid lines, Bellhop numerical model; dashed lines, spherical spreading model
(Equation 3.12); dotted lines, cylindrical spreading model.
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Figure 3.4 demonstrates that Equation 3.15 is reasonable to fit the modelled TL for
long distances. How far this approach may be used to describe the results of a
numerical TL model with a simplified equation must be assessed on a case-by-case
basis.

3.4 Noise level

The sonar equation relates the received signal level to the background noise level that
is masking the detection of the signal. The concept of noise is therefore more related
to its effect than to its acoustic description. As stated in Chapter 1 we differentiate
interferences from noise, and consider as noise only sound that may be described by
a truly random process, either because it originated as a random process, or because
it is constructed by random addition of a large number of otherwise non-random
signals.

The causes of noise may then be grouped into two categories:

* Ambient noise originates outside the system and is therefore independent of the PAM
system and its operation. Typical natural causes are wind, waves, rain and animals;
typical anthropogenic causes are shipping and industrial activities.

* Self-noise is generated by the PAM system itself and includes radiated noise of the
PAM vessel, flow noise, and thermal noise from the electronics.

Figure 3.4 Comparison of different geometric spreading law approximations to numerically modelled
transmission loss.
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3.4.1 Spectral noise level

Noise, as a random process, cannot be described by deterministic functions as we did for
signals (e.g. Gaussian pulse: Equation 1.24). Noise may, however, be described by the
mean intensity

�I ¼ 1

ρ0c
1

T

ðT
0

x2ðtÞdt (3:16)

where x(t) is the noise time series and T is the integration time, which is selected at an
appropriate length to guarantee convergence of the intensity.

By definition, noise is broadband; in order to characterize noise, one has to quantify the
bandwidth for which the noise level is measured. In practice, noisy time series x(t) are
bandpass filtered with a filter of bandwidth Df around a centre frequency fm, resulting in a
new random time series y(t).

The spectral density of this new noisy time series is then obtained by estimating the
mean intensity and dividing the result by the bandwidth so that the spectral noise level in
dB becomes:

NL0ðfÞ ¼ 10 log
1

TDf

ðT
0

y2ðtÞdt
0
@

1
A (3:17)

The spectral noise level is measured in dB re 1 μPa2/Hz; it is frequency-dependent and
allows a general spectral description of noise. As the spectral noise level is estimated by
means of a bandpass filter, it is also important to note the bandwidth of the filter,
especially when the filters overlap in frequency. Even if the noise spectrum is given in
terms per Hz, noise filters are typically much wider than 1 Hz, and hence narrow noise
filters generate more spectral details than wide ones.

3.4.2 Noise masking effect

To obtain the masking noise NL in a broadband receiver, the spectral noise level NL0 is
typically multiplied by the bandwidth, or in dB terms

NL ¼ NL0ðfmÞ þ 10 logðBÞ (3:18)

where fm is the centre frequency of the receiver and B is the receiver bandwidth measured
in Hz.

Equation 3.18 treats the spectral noise level as a constant within the receiver band-
width. This, however, is only an approximation for the case where the analysis bandwidth
used to estimate the spectral noise level is identical with the receiver bandwidth B.

In cases where the receiver is extreme broadband it is necessary to estimate the
masking noise level by directly integrating the noise spectrum over the frequency band
of interest B.
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NL ¼ 10 log

ð
B

10
NL0ðfÞ

10 df

0
@

1
A (3:19)

Obviously, for a constant noise spectrum, Equation 3.19 translates to Equation 3.18.

3.4.3 Surface noise

The surface noise in ice-free oceans is mostly wind-driven and depends, in addition to the
frequency, on the wind speed. To describe the spectral ambient noise level between 1 and
100 kHz (in dB re 1 µPa2/Hz), the following fit to the Knudsen noise model (Knudsen,
et al., 1948; Lurton, 2002) may be used

NLSurf 0ð f Þ ¼ 44þ 23 log vþ 1f g � 17 log max 1; fð Þf g (3:20)

where v is the wind speed in m/s and f is the frequency in kHz.
Figure 3.5 shows, for three different frequencies, the surface noise spectral level as

function of wind speed.

3.4.4 Attenuation of surface noise with depth

Surface noise, as the name indicates, is generated at the water surface. The question
arises, as to how this noise contribution varies with the depth of a receiver. There are two
effects occurring when the receiver moves away from a noisy surface. First, one should
expect that the contribution of individual noise sources decreases due to propagation loss,

Figure 3.5 Surface noise spectral levels.
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and second, one should expect that the number of surface noise sources increases that are
within the same range of the receiver and therefore add together. Combining both effects,
one obtains the following expression for the depth effect of surface-generated noise
(Lurton, 2002)

NLSurf 0ðd; f Þ ¼ NLSurf 0ð f Þ � afd� 10 log 1þ afd

8:686

� �
(3:21)

where d is the receiver depth, measured in m, and af is the absorption coefficient,
measured in dB/m.

The depth-dependent reduction of surface noise becomes significant at higher fre-
quencies. So the surface-generated noise at a frequency of 40 kHz and at a receiver depth
of 1000m is at least 10 dB lower than it is at 1m water depth.

3.4.5 Shipping noise

Noise from (mainly remote) shipping is the main cause of ambient noise at low frequen-
cies, that is, between some tens of Hz and 1 kHz. Ships carry a variety of noisy machinery
(engines, generators, winches, etc.), the sound of which is transmitted via the hull into the
sea. Furthermore, rotating propellers may create characteristic broadband cavitation
noise, the level of which increases with the speed of rotation of the propeller and
therefore with the speed of the vessel.

Shipping noise intensity is very variable, depends strongly on the distance of the ships,
and is not easy to quantify, but for remote shipping, the following empirical model (Wenz,
1962; Lurton, 2002) may be used for an indicative order of magnitude of dB level:

NLShip 0ð f Þ ¼ 60þ 10μ� 20 log max 0:1; fð Þf g (3:22)

μ = 0, 1, 2, 3 for (quiet, low, medium, heavy) ship traffic, and frequency f is given in kHz.
For frequencies below 100 Hz, shipping noise may be assumed to be frequency-
independent.

3.4.6 Turbulence noise

At very low frequencies, between 1 Hz and 10 Hz, ambient noise is dominated by noise
originating from oceanic turbulence. It falls off very rapidly with frequency and may be
modelled according to (Wenz, 1962)

NLTurb ¼ 17� 30 logð f Þ (3:23)

where the frequency f is given in kHz.

3.4.7 Thermal noise

At very high frequencies, say in excess of 100 kHz, ambient noise is again dominated by
oceanic effects, but this time by the random molecular motion in the sea. This thermal
noise may be modelled for an ideal hydrophone according to (Lurton, 2002)
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NLTherm ¼ �15þ 20 logðfÞ (3:24)

where the frequency f is given in kHz.

3.4.8 Overall ambient noise spectrum

Combining all ambient noise contributions, we obtain the overall ambient noise spectrum
level, which will obviously depend on sea state, ship traffic and hydrophone depth. It is,
however, instructive to visualize the modelled minimum ambient noise level, which is a
good measure when assessing the performance of a PAM system. If we wanted to detect
very faint signals, that is, distant signals with low signal-to-noise ratio, then an ideal PAM
system should be designed to be able to measure and quantify this minimal ambient noise.

Figure 3.6 shows the minimal ambient noise spectral level for a hydrophone depth of
100m, sea state zero, and quiet ship traffic. This is not necessarily the lowest ambient
noise level one may observe in some remote locations of the ocean, as all noise
contributions are determined empirically and at places that, to some extent, should be
considered as noisy. For example, Equation 3.21 indicates that increasing the hydro-
phone depth will decrease the contribution of surface-generated noise. Oceanic turbu-
lence noise may also be shielded by ocean bottom topography. On the other hand, some
places may never be as quiet as is modelled here. Although the above models are useful
for performance assessment, they are no substitute for real ambient noise measurements
in situ.
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Figure 3.6 Ambient noise spectra for sea state zero, quiet ship traffic, and hydrophone depth of 100m.
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Matlab code
%Scr3_6
f=(1:200000)';
fkz=f/1000;
D=0; %0:3 %quiet shipping
w=0; %m/s % no wind
%
T=13;
S=38;
Z=100;
c=1500;
pH=7.8;
aa=FrancoisGarrison(fkz,T,S,Z,c,pH);
dcorr=aa*Z/1000;

NL1=17-30*log10(fkz);
NL2=44+23*log10(w+1)-17*log10(max(1,fkz));
NL3=30+10*D-20*log10(max(0.1,fkz));
NL4=-15+20*log10(fkz);

NL3d=NL3-dcorr-10*log10(1+dcorr/8.686);

NL=10*log10(10.^(NL1/10)+10.^(NL2/10)+ . . .
10.^(NL3d/10)+10.^(NL4/10));

figure(1)
hp=plot(f,[NL1 NL2 NL3d NL4 NL],'k','linewidth',1);
set(hp(1),'linestyle','-')
set(hp(2),'linestyle',':')
set(hp(3),'linestyle','--')
set(hp(4),'linestyle','--')
set(hp([2 3 5]),'linewidth',2)
ylim([0 80])
grid on
ylabel('Spectral noise level [dB re 1 \muPa^2/Hz]')
xlabel('Frequency [Hz]')
set(gca,'xscale','log','xminorgrid','off')
legend('NL_{Turb}','NL_{Surf}','NL_{Ship}', . . .

'NL_{Therm}','NL_{Tot}')
return

3.5 Array gain

PAM systems use one or more hydrophones to intercept the sound in the sea.
Hydrophones are typically selected to have the same sensitivity in all directions, that
is, they are omni-directional. This is in general desirable for PAM applications, as the
search for cetaceans implicitly suggests that the direction to the cetaceans is a priori not
known. Using multiple hydrophones, however, allows us in certain circumstances to
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focus the sensitivity of the receiving array towards predefined directions and to reduce
environmental noise that is arriving from unwanted directions, resulting in an array gain
AG. This AG is defined as an improvement of the signal-to-noise ratio due to the array
when compared with an omni-directional hydrophone. Consequently, the estimation of
the array gain requires knowledge of the directionality of the array and the anisotropy of
the ambient noise field.

3.5.1 Array gain estimation

To obtain a value for AG it is convenient to consider the following approach by Urick
(1983), which uses statistical properties of signal and noise. Consider a linear array of n
hydrophones with equal sensitivity and a distant source abeam (90°) of the array. Let us
now sum the n different hydrophones with and without signal. In the presence of a
sufficiently strong signal we obtain for the array output

SnðtÞ ¼
Xn
i¼1

siðtÞ (3:25)

where si(t) are the outputs generated by the hydrophones in the presence of noise-free
signal.

In the absence of a signal we obtain

NnðtÞ ¼
Xn
i¼1

niðtÞ (3:26)

where ni(t) are the outputs generated by the hydrophones in absence of a signal.
The average signal-to-noise ratio is then given by

SNRn ¼ SnðtÞð Þ2

NnðtÞð Þ2
¼

Pn
i¼1

siðtÞ
� �2

Pn
i¼1

niðtÞ
� �2

(3:27)

Expanding the sum squared and taking the time average on the individual elements (pair
of hydrophones) one obtains a cross-correlation of the hydrophone measurements, be it
signal or noise.

Using the definition of the cross-correlation coefficient ρij

ρij ¼
xiðtÞxjðtÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x2i ðtÞxj2ðtÞ

q (3:28)

the average signal-to-noise ratio becomes with si2ðtÞ ¼ s2 and ni2ðtÞ ¼ n2

SNRn ¼ s2
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(3:29)
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and the array gain becomes

AG ¼ 10 log
SNRn

SNR1

� �
¼ 10 log

P
i

P
j

ðρSÞijP
i

P
j

ðρNÞij

0
B@

1
CA (3:30)

The array gain depends therefore on the cross-correlation coefficients between all pairs of
hydrophones, for both the signal and the noise. The cross-correlation coefficient for the
signal tends to stay, if not close to unity, higher than the cross-correlation coefficient for
noise, resulting in a positive array gain.

A simple example assumes complete coherence of the signal over the array and
completely uncorrelated noise measurements by the different hydrophones. With these
assumptions we obtain for the array gain

AG ¼ 10 log
n2

n

� �
¼ 10 log nð Þ (3:31)

However, noise is rarely completely uncorrelated for broadband receiving systems. With
partially coherent noise the array gain degrades and becomes

AG ¼ 10 log
n

1þ ðn� 1Þρn

� �
(3:32)

where ρn is the cross-correlation coefficient of noise between the hydrophones, which are
now assumed to be equidistant. If the hydrophones are very close together in relation to
the wavelength, then the noise cross-correlation coefficient ρn approaches unity and AG
approaches zero dB.

3.6 Processing gain

Similar to the array gain, which describes how array processing reduces the impact of
ambient noise on the performance of the PAM system, the signal processing gain
describes the improvement of the signal-to-noise ratio due to signal processing that
occurs after the reception of the sound by one or more hydrophones. Consequently, the
signal processing gain PG depends on the detailed implementation of the processing
system and the suitability of the processing implementation for detecting signals against
masking noise. A more detailed description must therefore follow when describing the
signal processing of cetacean signals.

3.7 Detection threshold

The other quantity in the initial sonar equation (Equation 3.1) is the detection threshold
TH, which by definition is the minimum signal-to-noise ratio required to detect a signal.
Original interpretations of the sonar equation refer the detection threshold to the SNR at

Detection threshold 115



the output of the hydrophone or array, and consider the processing gain a part of the
detection threshold. However, as signal processing is becoming more important in PAM,
we treat the processing gain separately and consider the detection threshold as the signal-
to-noise ratio at the final visual or aural presentation of the sound, or more generally, at
the decision level. An additional advantage with this approach is that there is no need for
processing-dependent detection thresholds and the detection threshold depends only on
the noise statistics at the receiver output, which may easily be measured and determined.

For a given detection threshold TH = log (th), our detections (decisions for signal
presence) fall into two classes: true detections due to the presence of signals and false
detection due to excessive noise levels. A common method is therefore to relate the
detection threshold to the number of false detections, or false alarms, by limiting the
probability of encountering false alarms PFA(th)

PFAðthÞ ¼
ð∞
th

wNoiseðyÞdy (3:33)

where wNoise(y) is the probability density function (PDF) of the noise.
In the absence of any knowledge of the noise statistics, it is convenient to assume a

Rayleigh distribution for the noise PDF (see also Section 1.5.2)

wNoiseðyÞ ¼ y

σ20
exp � y2

2σ20

� �
(3:34)

where σ0
2 is the noise variance, which in the context of the sonar equation becomes

effectively 1, as the sonar equation is formulated in terms of signal-to-noise, i.e. we

replace
y

σ0
with the signal-to-noise ratio.

Integrating Equation 3.33 according to Equation 3.34, we obtain for the probability of
a false alarm

PFAðthÞ ¼ exp � th2

2

� �
(3:35)

resulting in a straightforward expression for the threshold as a function of the false alarm
probability

th ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�2 ln PFAð Þ

p
(3:36)

Equation 3.36 is widely used even if real ocean noise hardly follows a true Rayleigh
distribution. If real noise statistics are available then it is preferable to estimate the desired
threshold by means of Equation 3.33, using a measured noise PDF.
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Part II

Signal processing (designing
the tools)

This part discusses the algorithms that are needed to detect, classify, locate and track
(DCLT) cetaceans. Chapter 4 first presents and discusses techniques that are commonly
used to detect signals in passive sonar applications, providing the necessary information
for the subsequent signal processing chain. Chapter 5 introduces the concept of classi-
fication as a means of reducing erroneous detections, interferences and unrelated detec-
tions. The ability to localize animals is addressed in Chapter 6, in which I discuss
well-known techniques for passive range estimation: multi-hydrophone ranging, trian-
gulation, multi-path ranging and beam-forming. Tracking is the last component in the
DCLT signal processing toolset and is presented together with localization methods
in Chapter 6. Considering PAM, tracking plays an important role if one not only tries
to localize one or more acoustically active cetaceans, but also tries to monitor their
behaviour, which requires tracking, or the continuous estimation of individual animal
locations.
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4 Detection methods

This chapter presents and discusses techniques that are commonly used to detect signals
in passive sonar applications. Detection algorithms generate, from acoustic raw data,
the information that is required by the subsequent steps in the PAM data processing
chain.

Starting with the detection concept as presented in Chapter 3 to introduce the sonar
equation, this chapter discusses first the standard ‘threshold’ detector, which is imple-
mented in different flavours, and introduces then the ‘sequential probability ratio det-
ector’, which is a non-linear recursive detector that has found increasing interest in sonar
systems research.

Strongly related to the detection process is the selection of a proper method for
reducing unrelated noise content by spectral filtering. This volume concentrates on
major techniques found in the relevant literature: spectral equalization, bandpass filtering
and matched filtering.

All detection methods are tested with real data and the performance differences are
discussed. Parallel to the detection performance this chapter will address the issue of
false alarms and discuss the Receiver Operation Characteristics (ROC) curves of
detectors.

4.1 Detection of echolocation clicks

A PAM application may receive a time series similar to the one depicted in Figure 4.1,
where we see 3 seconds’ worth of data of an hour-long reception of underwater sound
received on a single hydrophone. The figure shows a sequence of short transients
embedded in a continuous noise floor as measured by the hydrophone.

Inspecting this figure one realizes that, although the different transients are clearly
visible, it is not obvious how many signals may be found within this time series.
Starting with the strongest transient one may count at least 16 transients that could
qualify as a signal, but the weakest transients may easily represent also noise fluc-
tuations. There is therefore a need for a quantitative method to establish what is a
transient of interest and should be considered as a signal and which potential signal
is only due to noise fluctuations and consequently of no interest to the PAM
application.
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Matlab code to generate Figure 4.1
%Scr4_1
% load data
[xx,fs] = wavread('../Pam_book_data/zifioSelectScan. wav');
%
% construct time vector
tt = (1:length(xx))'/fs;
%
% subtruct mean to remove constant offset
ss = xx - mean(xx);
%
%calibrate time series (convert to Pascal)
cal=10^(27/20); %unit is equiv 27 dB re 1 Pa
ss=cal*ss;
%
figure(1)
plot(tt,ss,'k')
set(gca,'fontsize',12)
xlabel('Time [s]')
ylabel('Sound pressure [Pa]')
xlim(tt([1 end]))

4.1.1 Threshold detector

In Section 1.5 we described signals as sound messages that are of interest to our PAM
application and which we wanted to receive with our PAM system. Inspecting Figure 4.1,

Figure 4.1 Typical time series of echolocating beaked whales.
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we expect that the recorded dataset contains some short signals (visible transients)
embedded in noise. We consider a transient to be a signal if it satisfies some signal
detection criteria and decide for a signal when its peak amplitude exceeds significantly
the noise values; that is, we relate the signal to the background noise and denote an
observed transient as a signal if its peak signal-to-noise ratio (SNR) exceeds a threshold.
All transients below the threshold are considered noise and all transients above the
threshold are called signals.

Definition of detection
A transient is considered a detected signal if its signal-to-noise ratio SNR exceeds a
threshold TH

SNR4TH (4:1)

This relation (here formulated as an inequality) not only constitutes a general definition
but also contains the basic recipe for the detection process: in order to detect a signal one
should first estimate the noise at the time of the transient, estimate the signal-to-noise
ratio, and then compare it with a threshold, the value of which is determined
independently.

Figure 4.2 shows the result of the detection process using the data in Figure 4.1. For the
detection process a threshold of th = 4.5, equivalent to TH = 13 dB, was chosen, resulting
in 27 detections. The signal-to-noise ratio is presented in Figure 4.2 as a ratio and not as a
dB level, to facilitate the comparison with previous figures, but this should not be a

Figure 4.2 Detections of multiple signals (circles).
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problem as the inequality in Equation 4.1, holds in both linear and logarithmic (dB)
scales. To obtain this figure it was necessary to implement a simple click detector, which
is described in the comments to the Matlab script.

Matlab script of simple threshold detector
function [jth,ith]=do_SimpleDetection0(snr,tt,th, dt_max)
% function [jth,ith]=do_SimpleDetection0(snr,th, dt_max)
% simple click detector
%
% thresholding
ith=find(snr>th);
%
% detection pruning
jth=ith;
jj=1;
for ii=2:length(ith)

ki=ith(ii);
kj=ith(jj);
if tt(ki)-tt(kj)>dt_max

jj=ii;
continue

else
if snr(ki)>snr(kj) % actual snr value is larger

% than old one
jth(jj)=0; % remove old one
jj=ii; % take the actual as old

else
jth(ii)=0; % remove actual one

end
end

end
%
%reduce detection vector
jth(jth==0)=[];

Comments on the Matlab function
To implement a simple detector we first threshold the SNR and then prune the threshold
crossings by requiring that detections not only exceed the threshold but are also local
maxima within a running window of 2ms. dt_max= 2ms, as defined in script Scr4_1. In
other words, within a 2mswindowwe only keep the threshold-crossingwith themaximum
signal-to-noise ratio. This method defines a minimum distance between two consecutive
detections, which becomes the length of the pruning window. The size of the pruning
window is context-dependent andmust be determined togetherwith the detection threshold.

Matlab script for running the detector and plotting the results
%Scr4_2
%if required (un)comment next line
Scr4_1
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%
%noise estimate over complete time series
nn=sqrt(mean(ss.^2));
%
% estimate signal-to-noise ratio
snr = abs(ss)/nn;
%
% determine threshold
th=4.5;
% detection pruning window
dt_max=2/1000; %2ms
%
% simple click detector
jth=do_SimpleDetection0(snr,tt,th,dt_max);

% plot all
figure(1)
plot(tt,snr,'k', tt(jth),snr(jth),'ko', . . .

tt([1 end]),th*[1 1],'k––')
xlim(tt([1 end]))
set(gca,'fontsize',12)
xlabel('Time [s]')
ylabel('Signal-to-noise ratio')

Comments on the script
The script executes after the previous script that generated Figure 4.1 and starts by
obtaining a noise estimate, taking the root mean square (RMS) value of the data. We use
the whole dataset, including the signals, to estimate the noise, as the signals are very short
transients and we are willing to overestimate the noise level somewhat.

To estimate the signal-to-noise ratio we simply divide the absolute value of the
de-meaned dataset by the noise estimate. In this example the threshold is guessed by
visual inspection of the SNR plot. Later, we will use a method to determine an improved
selection of the threshold. The Matlab script estimates the signal-to-noise ratio as a pure
ratio and therefore requires the threshold to be given, not in dB, but in terms of a required
ratio.

4.1.2 Signal amplitudes, signal power and signal envelope

We note from the Matlab script that we took the absolute value of the signal before
estimating the signal-to-noise ratio. Although this procedure is intuitive, it is not neces-
sarily the best approach.

From Equation 2.1 we realize that the absolute pressure value of a general signal is
given by

PðtÞj j ¼
ffiffiffiffiffiffiffiffiffiffiffi
PðtÞ2

q
¼ AðtÞffiffiffi

2
p

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ cos 2ω tf g

p
(4:2)
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that is, the absolute value (pressure) is a function, which varies between A(t) and zero,
resulting in multiple threshold crossings and therefore multiple detections for the same
signal. We removed these multiple detections by pruning the detections and allowing
only the detection with the highest SNR to survive.

However, it is the amplitude function, or envelope A(t) in Equation 4.2, in which we
are really interested for our description of the signal and consequently for the estimate of
the signal-to-noise ratio. It is therefore necessary to separate the amplitude function from
the purely oscillating part, which in Equation 2.1 is the cosine function, the absolute

value of which resulted in Equation 4.2 in the additional
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þcos 2ω tf g

2

q
term.

Analytic signal form
If we were able to replace the real valued signal description by a complex one

PCðtÞ ¼ AðtÞ exp �iωtf g (4:3)

then taking the absolute value would yield only the desired amplitude function

AðtÞ ¼ PCðtÞj j (4:4)

because the absolute value of a purely complex number is unity exp �iωtf gj j ¼ 1.
There exists a simple method to convert a real valued signal into a complex represen-

tation of the form of Equation 4.3. This method is based on the observation that the
Fourier transforms of real valued functions have negative frequencies whereas the
Fourier transform of the complex extended description of the signal exhibits only
positive frequencies. To obtain what is also called an analytic extension, or an analytic
form of the signal, it is sufficient to carry out the following operation

PCðtÞ ¼ FFT �1 WC � ðFFTPðtÞÞÞð (4:5)

whereWC is a weighting function that modifies the spectrum of the real valued signal P(t)
by setting the negative frequencies to zero, so that the inverse Fourier FFT −1 transform
results in a complex signal description PC (t). That is, in Matlab terms we must choose
WC (1) = 1,WC (n) = 2, for n = 2 . . . nfft/2 (positive frequencies), andWC (n) = 0, for n =
nfft/2+1 . . . nfft (negative frequencies).

Figure 4.3 presents the amplitude or envelope function in which the signal is taken
from the time series presented in Figure 4.1 and the envelope is obtained as absolute
value of the analytic time series.

Hilbert transform
The above method of Equation 4.5 is suited for short time series that can be Fourier
transformed with a single operation. For very long time series, or continuous processing,
transitional edge effects occur between consecutive datasets, making it hard to generate
an analytic signal. An alternative method to Equation 4.5 is based on the observation that
for an analytic, complex valued time series, the imaginary part is 90° phase shifted
relative to the real part. A digital filter that accomplishes this task and that is suited for
continuous processing is known as the Hilbert transform. The analytic time series is then
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constructed by keeping the original time series as the real part and considering the
Hilbert-transformed time series as the imaginary part of the analytical time series.

The Matlab code shows a practical implementation of this Hilbert transform (Stearns
and David, 1988), which, however, differs from the ideal filter in three ways: the impulse
response is finite, the filter is causal, and we apply an additional window function to
improve the gain characteristics of the practical implementation. The causality of the
filter delays the filter response by half the window length, a fact that must be considered
when constructing the analytical signal.

Matlab code for estimating the complex valued analytic time series
function z=doAnalytic(x,nfft)
%
% define impulse for Hilbert transform
nk=32;
k=(1:nk)';
h=zeros(2*nk+1,1);
h(nk+1+k)=(2/pi)*(k-2*floor(k/2))./k;
h(nk+1-k)=-h(nk+1+k);
h=h.*hamming(2*nk+1);
%
% use FFT filt to process long data and correct for delay
y=fftfilt(h,[x;zeros(nk,size(x,2))]); y(1:nk,:)=[];
%

Figure 4.3 Signal amplitude or envelope function.
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% construct complex signal
z=x+i*y;
return

Comments on Matlab code
The algorithm obtains the analytic representation of a real valued time series by estimat-
ing its Hilbert transform. As the Hilbert transform is causal, it adds nk = 32 samples at the
beginning of the time series, which have to be removed at the end to align the Hilbert
transform to the original time series. This is done by first zero padding the original time
series with nk samples before filtering, and then removing the first nk samples in the
transformed time series. The transform is carried out by using the intrinsic Matlab filter
method fftfilt, which implements an overlap and add technique suited for filtering
very long time series.

Script to generate Figure 4.3
%Scr4_3
% load data
[xx,fs] = wavread('../Pam_book_data/zifioSelect Scan.wav');
%
% construct time vector
tt = (1:length(xx))'/fs;
%
% subtract mean to remove constant offset
ss = xx - mean(xx);
%
%calibrate time series
cal=10^(27/20); %unit is equiv 147dB re 1 uPa
ss=cal*ss;
%
% envelope
yy_a=doAnalytic(ss,512);
%
xl=1.9421+[-2 5]*1e-4;
%
figure(1)
clf
hp=plot(tt,ss,'k',tt,abs(yy_a),'k');
set(hp(2),'linewidth',2)
set(gca,'fontsize',12)
xlabel('Time [s]')
ylabel('Pressure [Pa]')
xlim(xl)

4.1.3 Signal extraction

Characterizing the detection of a signal by the event time and by the value of the
maximum SNR constitutes the minimal information one should expect from a signal
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detector. As we have seen in the description of cetacean sounds, the assignment of signals
to different cetacean species may be complicated, and it therefore seems appropriate
also to extract the time series of the different detected signals from the data stream for
potential use in a later classification step. To extract the signals we have to modify the
detector to provide the start and stop times of the detected signal. A simple approach to
obtaining start and stop times is to find all threshold crossings that are within the
detection window around the previously found detection event. To extract the time series
it is then useful to add some data samples before and after the detected signal boundaries.

To complete the description of the detected signal it is appropriate to add to the detector
output all necessary information to allow a complete reconstruction of the detection
process, which also includes, for example, the noise level.

Figure 4.4 shows an extracted signal, the detection of which is based on the envelope or
amplitude function of the signal pressure. The envelope-based SNR is preferable to an
absolute pressure-based SNR, as the envelope-based detection tends to detect the maximum
extent of the signal. This is because the pressure envelope is by definition never less than the
absolute pressure, but may on occasion exceed the values given by the absolute pressure.

Matlab code of the refined detection algorithm for estimation of start and stop time
function [jth,i1,i2]=do_Simple Detection1(snr,tt,th,dt_max)

% function [jth,i1,i2]=do_SimpleDetection(snr,th, dt_max)

Figure 4.4 Extracted signal in pressure scale. The dotted line marks the signal extent for extraction.
The indicated threshold (dashed line) was transferred for visualization purposes from an SNR scale
to a pressure scale.
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% simple click detector
%
[jth,ith]=do_SimpleDetection0(snr,tt,th,dt_max);

% estimate signal length
j1=0*jth;
j2=0*jth;
for ii=1:length(jth)

%find all threshold crossings around detection
thc=find(abs(tt(jth(ii))-tt(ith))<=dt_max);
% store first and last threshold crossing
j1(ii)=min(thc);
j2(ii)=max(thc);

end
i1=ith(j1);
i2=ith(j2);

%eliminate overlapping detections
iov=find(i1(2:end)-i2(1:end-1)<0);
imx=snr(jth(iov))>snr(jth(iov+1));
iov(imx)=iov(imx)+1;
jth(iov)=[];
i1(iov)=[];
i2(iov)=[];

Matlab code to extract the signal time series and to plot a single detection
%Scr4_4
%
Scr4_3
%
nn_a=sqrt(mean(abs(yy_a).^2));
snr_a=abs(yy_a)/nn_a;
%
% determine threshold
th=4.5;
% detection pruning window
dt_max=2/1000; %2ms
%
% simple click detector
%
[jth,i1,i2]=do_SimpleDetection1(snr_a,tt,th, dt_max);
%
%extract signals
di=ceil(fs*1e-4);
Det=[];
for ii=1:length(jth)

Det(ii).tdet=tt(i1(ii)-di);
Det(ii).idet=[jth(ii),i1(ii),i2(ii)];
Det(ii).odet=di;
Det(ii).ss=ss((i1(ii)-di):(i2(ii)+di));
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Det(ii).nn=nn_a;
end
%
% select single detection
ii=14;
xx1=Det(ii).ss;
tt1=Det(ii).tdet+(0:(length(xx1)-1))'/fs;
%
% construct envelope
yy=doAnalytic(xx1,512);
A=abs(yy);
nn_a=Det(ii).nn;
%
% mark detection
D=0*tt1;
ipk=Det(ii).odet+1+(Det(ii).idet(1)-Det(ii).idet(2));
idt=Det(ii).odet+1+(0:Det(ii).idet(3)-Det(ii).idet(2));
D(idt)=A(ipk)*1.1;
%
% plot selected detection
figure(1)
hp=plot(tt1,xx1,'k',tt1,A,'k',. . .

tt1(ipk),A(ipk),'ko',. . .
tt1,D,'k:',. . .
tt1([1 end]),th*nn_a*[1 1],'k-');

xlim(tt1([1 end]))
%set(hp(1),'color',0.5*[1 1 1])
set(hp(2:4),'linewidth',2)
set(gca,'fontsize',12)
xlabel('Time [s]')
ylabel('Pressure [Pa]')

4.1.4 Pre-processing raw data

Based on the suggestion of the sonar equation, we implemented and analysed a simple
threshold detector at the beginning of this chapter. Although the instructions of the sonar
equations are straightforward and rather intuitive, the first example has already demon-
strated difficulties with the implementation. In particular, it turned out that what is
expected to be a single signal, or detection event, may result in multiple threshold
crossings of the signal-to-noise ratio (i.e. multiple possible detections). All threshold
crossings that are associated with a single detection event are highly correlated and may
be reduced with proper processing. A first method pruned the number of threshold
crossings within a running window, the length of which was chosen to reflect the
expected signal length. The actual signal length was then defined by the time between
the first and last threshold crossing around the event time where the highest signal-to-
noise ratio occurred.

The signal detection described so far used the instantaneous absolute pressure or the
pressure envelope as basis of the SNR estimation. This is appropriate when the threshold
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crossing of a single pressure value constitutes a valid signal detection, which is hardly the
case for real and noisy datasets. We expect that real signals are of finite length covering
more than one pressure measurement. The question arises of whether one could avoid
these spurious threshold crossings that are too short to stem from real signals and
therefore improve the detection performance by using for the estimation of the signal-
to-noise ratio an average of the pressure measurements instead of the instantaneous
pressure amplitudes. The assumption is that, as signals are more correlated than noise,
any averaging will reduce the noise, will therefore increase the signal-to-noise ratio, and
will consequently improve the detection performance.

In the case discussed so far, the sampling frequency is 384 kHz, about six times the
highest frequency of 60 kHz, and the signal is long enough to result in over 70 samples,
giving the opportunity to implement noise averaging by means of a RMS pressure
detector. From Chapter 1 we know that the mean intensity is estimated by averaging
the sound pressure squared over some time window, which may either be a cycle of the
pressure wave or over the whole signal.

The RMS pressure at a time t is then estimated by

PRMSðtÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

T

ZtþT=2

t�T=2

P2ðτÞdτ

vuuuut (4:6)

Figure 4.5 Signal detection using RMS pressure detector. The thick solid line denotes the RMS pressure, the
thick dashed solid line the result of the detector, and the dotted line the envelope detector result
from Figure 4.4. The RMS estimation of the top panel is based on a 25 μs window (10 samples)
integration and the bottom panel in based on a 200 μs window (78 samples).
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whereby the (rectangular) window of length T is centred around desired time t.
Figure 4.5 shows the impact of the averaging, the now smoothed RMS pressure

function, on the resulting detection. The results differ from the envelope-based detector,
but whether there is a true improvement in detection performance cannot be told from this
figure but requires a more global analysis, which will be carried out later in this chapter.

We note also from Figure 4.5 that the longer the integration window the smoother the
estimated RMS pressure becomes. The start position of the signal then occurs earlier than
with the envelope threshold detector, as the PRM pressure estimate already ‘sees’ the
signal well before the signal onset (half window length). The end position of the signal
also tends to be earlier than with the envelope threshold detector, as the smoothing
property of the window suppresses weak trailing signal oscillations that are present in the
dataset.

In recent years, some publications have promoted what is called the Taeger–Kaiser
(TK) algorithm, claiming that it is a measure of the proper sound wave energy (e.g.
Kaiser, 1990; Kandia and Stylianou, 2006).

Let the sound pressure be described by

PðtÞ ¼ P0 cos ωtð Þ (4:7)

we form the product

Pðt� dtÞPðtþ dtÞ ¼ P2
0 cos ωðt� dtÞð Þ cos ωtðtþ dtÞð Þ (4:8)

Using the trigonometric identity

cosðα� βÞ cosðαþ βÞ ¼ cos2ðαÞ � sin2ðβÞ (4:9)

we obtain

Pðt� dtÞPðtþ dtÞ ¼ P2
0 cos2 ωtð Þ � sin2 ωdtð Þ� �

or

Pðt� dtÞPðtþ dtÞ ¼ P2ðtÞ � P2
0 sin

2 ωdtð Þ (4:10)

that is

P2
0 sin

2 ωdtð Þ ¼ P2ðtÞ � Pðt� dtÞPðtþ dtÞ (4:11)

which for small ωdt becomes

P2
0 ωdtð Þ2¼ P2ðtÞ � Pðt� dtÞPðtþ dtÞ (4:12)

We note that the left-hand side of Equation 4.11 is proportional to the maximal pressure
squared modified by a term that depends only on the ratio of the signal frequency f0 to the
sample frequency fs, as ωdt ¼ 2π f0

fs
.

Noting that the mean sound wave intensity (or single cycle sound energy) is related to
the physical amplitude s0 of the sound wave by
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�I ¼ ðρ0cÞ
ω2s20
2

(4:13)

it was suggested by Kaiser (1990) that Equation 4.12 could be used to estimate the mean
intensity or energy (Equation 4.13). Unfortunately, the mean acoustic intensity is propor-
tional to P0

2 and not to (ωP0)
2. If we were to measure the particle displacement s(t) of the

sound field and not the sound pressure P(t) , then an algorithm similar to Equation 4.12,
but now applied to the displacement s(t), would measure the sound intensity up to a
factor. In fact, Kaiser (1990) presented the algorithm for a simple mechanical oscillator,
where motion amplitude is observed directly.

Nevertheless, because the left-hand side of Equation 4.11 is constant for any given
frequency, it could be interesting to use the right-hand side of Equation 4.11 to define a
frequency-weighted pressure amplitude estimate PTK

PTKðtÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
max 0;P2ðtÞ � Pðt� dtÞPðtþ dtÞð Þ

q
(4:14)

To avoid accidental imaginary solutions, the argument of the square root in Equation 4.14
is restricted to non-negative values.

Figure 4.6 shows for the TK method the frequency-weighted pressure amplitude
estimate (thick line) and the result of the threshold detector (dashed line) in comparison
with the envelope threshold detector (dotted line). As to be expected, the PTK estimate

Figure 4.6 Taeger–Kaiser-based threshold detector. The thick solid line shows the Taeger–Kaiser amplitude
estimate (Equation 4.14). The dashed line shows the result of the detector, and the dotted line is the
envelope detector result from Figure 4.4.
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seems to be a scaled version of the envelope function shown in Figure 4.4. The detected
signal has a similar start time but a different estimate for the end time.

4.1.5 Sequential probability ratio detector (Page test)

An alternative implementation to the simple threshold detector discussed so far is a
sequential detector. This detector implements what is called a sequential probability ratio
test (Wald, 1947). It does not necessarily decide for every available sample on the
presence or absence of a signal, as is done by the threshold detector, but the algorithm
may defer the decision until after the reception of a new data point. This procedure is
repeated until a desired decision (signal present, or signal absent) is made. For a
sequential detector one could also envision an algorithm that does not implement a
predefined simple threshold, but changes its detection strategy as the number of indeci-
sive data points increases.

A particular implementation of a sequential probability ratio test is the Page test (Page,
1954), where the a test variable SðtÞ is estimated by

SðtÞ ¼ Sðt1Þ þ
Z t

t1

ðsnr2ðxÞ � bÞdx (4:15)

with b being a predetermined bias and snr is the signal-to-noise ratio in linear scale. At
each time step t the following decision rule is applied

SðtÞ ¼ 4STH :
50 :

target since t1
no target since t1

�
(4:16)

The integration (Equation 4.15) continues until a decision can be made. After each
decision, the integration is reinitiated t1 ¼ t and the new integration constant Sðt1Þ is
set according to

Sðt1Þ ¼ STH :
0 :

target at t1
no target at t1

�
(4:17)

The Page test generates a sparse sequence of signal and noise detections, filled with data
points that are neither signal nor noise. As the results of a Page test contain samples where
no decision has been made, it is necessary to decide a posteriori on these data points. It
seems clear that undecided samples between similar decisions, be they signal or noise,
are to be considered as signal or noise, respectively. In cases where the decisions are
changing from one type to another, noise to signal, or signal to noise, we recall that the
exact start and stop time of the signal is not known but lies within the two different
decisions. To maximize the signal duration it is convenient to consider all undecided
samples prior to and following the last signal decision as part of the signal presence.

Figure 4.7 shows the output of the page test detector applied to the envelope estimation
of the signal. Interesting to note are the multiple positive decisions before and after the
true signal (dash–dotted line), indicating a somewhat too low threshold and the risk of
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spurious or false detections. Tuning threshold and bias may improve the detection
performance.

Compared to the simple threshold detector, which decides on the signal to noise ratio,
the Page test accumulates a negatively biased squared signal-to-noise power ratio, which
for a constant noise estimate would be equivalent to accumulating the energy of the
signal. Only if this pseudo-energy exceeds a threshold does the Page test decide for the
presence of a signal. The method of choosing the threshold should therefore reflect
the minimum energy requirement for a good signal. In addition to the threshold, the Page
test requires the definition of a bias, which should ensure that time series without signals
do not lead to frequent signal decisions in presence of only noise. Any value higher than
the mean of snr2 should be fine: a higher value results in fewer false alarms. Typical
values for the bias between 5 and 6 were found to be adequate as an initial guess. The
combination of threshold and bias also determines the time the detector needs to settle
after the presence of a signal before deciding again for noise. Overall, although the
selection of threshold and pruning window is straightforward for the threshold detector,
the proper choice for bias and threshold is more complex for the Page test detector and
requires some experience.

Matlab code of the Page test detector
function [dd,snr2,ss,nn,dd1]=doPagetest(xx,bias, Thr,aa0,ss,nn)
dd=0*xx;

Figure 4.7 Page test detector. The thick line shows the signal envelope fromFigure 4.3. The dashed line shows the
result of the detector, and the dotted line is the result from the envelope threshold detector. The dash–
dotted line shows the intermediate decisions before final reassignments of the undecided samples.
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xx2=xx.^2;
aa=aa0;
snr2=0*xx;
for ii=1:length(dd)

nn=nn*(1-aa)+xx2(ii)*aa;
snr2(ii)=xx2(ii)/nn;
ss=ss+(snr2(ii)-bias);
if ss<0

ss=0;
aa=aa0;
dd(ii)=-1;

end
if ss>Thr

ss=Thr;
aa=aa0/100;
dd(ii)=1;

end
end
dd1=dd;
%decide a posteriori for undecided samples
%decide first for signal
for ii=length(dd)-1:-1:1

if dd(ii)==0 && dd(ii+1)>0 , dd(ii)=dd(ii+1); end
end

for ii=2:length(dd)
if dd(ii)==0 && dd(ii-1)>0 , dd(ii)=dd(ii-1); end

end
%decide for noise in all other cases
for ii=1:length(dd)

if dd(ii)<0, dd(ii)=0; end
end

Comments on the Matlab code
To simplify the algorithm we work in terms of power, that is we first square the input
vector xx. Bias and threshold are therefore related to the squared SNR values.

While looping through all data

* estimate exponential averaged noise value
* estimate SNR squared
* get a test function by accumulating the negatively biased squared SNR
* if the test function is below zero, clip to zero and decide for noise
* if the test function is above threshold, clip to threshold and decide for signal

After looping through all data the samples where no decision has been made are adjusted
to detection around positive decisions and to noise otherwise.
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4.1.6 Detection performance

So far, we have implemented a variety of click detectors and it is now necessary to
address the question of which one of the methods may be the best one. For this, we first
have to define a metric to measure the performance.

We expect the detector to detect signals if and only if they are present. From Figure 4.2
we see that signals have variable strength: some are strong and easily detected, but others
are weak and may be mistaken for noise. The performance of the detector is mainly
controlled by the threshold TH and here starts the dilemma. With a high threshold value,
we will avoid false detections, but detect only some of the signals and miss the weaker
ones; with a very low threshold, we will detect all signals but will also make same false
detections, i.e. our detector will be confused by noise.

The metric of the detector performance will therefore depend on two types of result,
one counting the correct signal detections and one counting the wrong detections or false
alarms. For this, we have to know which of our detections correspond to true signals.
However, from the information we have extracted so far, we cannot know which of
the detections are correct and which are wrong. For this, we either have to classify the
detection correctly, or have to know the true situation. Anticipating the results of a future
classification step, we assume that we already know the event times of the correct signals.
With this knowledge, we are now able to count the correct detections for a varying
threshold value.

If we denote by NT the total number of detections, with NS the total number of signals
present in the dataset, and with NC the number of correctly detected signals, then the
probability of (correct) detection Pdet and the probability of false alarm PFA may be
approximated by the relative fractions

Pdet ¼ NC

NS
(4:18)

and

PFA ¼ NT �NC

NT
(4:19)

Varying the threshold, we will obtain a series of total detections, correct detections and
false alarms allowing us to estimate the probability of detection and probability of false
alarm as a function of selected threshold. Figure 4.8 shows the detection probability and
the false alarm probability as a function of threshold varying from th = 2 to th = 30.

There are some observations that could be made: With increasing threshold, the false
alarm probability decreases faster than the detection probability. For thresholds th ≥ 15 all
methods are free of false alarms, but with variable detection probability; and all techni-
ques detect all signals for th ≤ 3 but with high probability of false alarms.

A single method seems to perform better than the others and that is the Taeger–Kaiser
method. Its PFA decreases to zero at a th ≥ 10, well before most of the other methods. This
result is also shown in Figure 4.9, which compares directly PFA and Pdet in what is called
a Receiver Operation Characteristics (ROC) curve. To interpret a ROC curve we should
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ask ourselves what constitutes a good PAM system in terms of PFA and Pdet. It should
be clear that we want a system that has a high probability of detection Pdet and at the
same time a low probability of false alarm PFA, that is we want systems for which
the ROC curve passes as close as possible through the upper left corner (Pdet = 1 and
PFA = 0).

In Figure 4.9, we note that the TK method achieves highest Pdet for lowest PFA; all
other techniques produce more false alarms for high Pdet, and the 25 μs RMS estimate
performs worst as it achieves the lowest Pdet for low PFA.

In Figure 4.8, only pure threshold detectors are compared with each other, as the Page
test detector is based on a different threshold criterion, but there is no reason not to
generate a ROC curve for the Page test also. From Figure 4.9 we may deduce that the
performance of the Page test detector is similar to the performance of the majority of the
detectors, with a tendency to be somewhat worse than the equivalent envelope threshold
detector. However, the direct comparison between the two methods (threshold and Page
test detector) is not easy as the different parameters involved are not compatible and the
actual choice is not the result of an optimization process. In fact, the curves presented are
in reality only a representation of a family of curves and some small adjustments in the
bias (Page test) and the running window length (threshold detector) may slightly change
the ROC curves.

Figure 4.8 Probability of false alarm (top panel) and probability of detection (bottom panel) as a function of
threshold.
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The better performance of the TK method is mainly due to the implicit spectral

weighting that acts at low frequencies as a slowly varying highpass filter. It is therefore

appropriate to investigate the influence of data filters that selectively weight the spectral

content of the data.

4.2 Data filter

In the previous section, we have seen that the quality of a detector depends strongly on its

capability to detect week signals against noise. In fact, if we consider for the moment only

threshold detectors, we note that the detector per se is always the same function, but we

modified the signal-to-noise ratio estimate that is used by the detector. We should expect

that if we were to increase the signal-to-noise ratio for the same signal, then the detector

should perform better.
The best way to increase the signal-to-noise ratio is to decrease the impact of the noise.

Figure 4.10 shows the spectral density of the noise in the absence of any beaked whale

clicks. We know from the description of Cuvier’s beaked whale clicks that the dominant

frequency for their echolocation clicks is around 40 kHz. From Figure 4.10 we note that

the noise estimate at 40 kHz is about 30 dB below the low-frequency noise level, say

around 10 kHz. This means that low-frequency noise is significantly masking weak

beaked whale clicks. There are two methods to reduce this masking impact of the

Figure 4.9 Receiver operation characteristics curve.
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noise. The first one is to flatten out the noise, that is, to equalize the background noise; the
second one is to suppress completely unwanted noise spectra.

4.2.1 Noise equalization filter

Noise equalization is a process that transforms a frequency-dependent, or coloured, noise
spectrum (e.g. Figure 4.10) into a nearly flat, or white, power spectral density. To simplify
the discussion it is convenient to address first the low-frequency noise in Figure 4.10. To
equalize the low-frequency noise spectrum we have to attenuate the lower frequencies
according to their spectral level. From our discussions of the sonar equation, we know
that surface noise decreases by about 17 dB per frequency decade and ship noise
decreases by 20 dB per frequency decade. This is equivalent to a spectral variation of
5–6 dB per octave, i.e. by doubling the frequency the noise spectrum will be reduced by
5–6 dB.

What we are looking for is a slowly increasing highpass filter that keeps the data
untouched for frequencies above 80 kHz, where the spectral minimum is found in
Figure 4.10. To minimize the number of calculations that are necessary for filtering the
data, we opt for what is called an infinite impulse response (IIR) filter, which for order 2
may be defined by

yn ¼ b1xn þ b2xn�1 þ b3xn�2

a2yn�1 þ a3yn�2
(4:20)

Figure 4.10 Noise spectrum based on selected times from beaked whale echolocation dataset (0.25–0.6 s in
Figure 4.1).
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where the xn denote the data to be filtered (filter input) and the yn the filtered data (filter
output) (e.g. Hamming, 1977). IIR filters are recursive and require appropriate design of
the filter coefficients an, bn to avoid instabilities. When using IIR filters, it is therefore
always appropriate to inspect the filter performance to ensure that the filtered data show
the desired characteristics. Here we use Matlab functions to generate and visualize filter
coefficients.

Figure 4.11 shows two spectra that are the result of a highpass filter, and a combination
of a highpass and lowpass filter, overlaid on the measured noise spectrum. The filter
coefficients were generated with the Matlab function butter as shown in the Matlab
code.

From Figure 4.11 we conclude that for the present dataset a sequence of two
Butterworth IIR filters equalized very well the noise from below 10 kHz to over
130 kHz. The peak at 65 kHz is a continuous spectral interference (weak tone) that
cannot be removed with this approach, but if this tone turns out to be a problem for our
signal detectors, further processing may be required to remove this spectral line.

Equalizing the noise, however, signifies also that the spectral component of the signal
is modified. In our case, the Cuvier’s beaked whale clicks are varying from, say 20 to
60 kHz and by normalizing the noise, we suppress the lower frequencies of the signal
spectrum by about 12 dB with respect to the upper frequencies. Even if the signal-to-
noise ratio is improved by reducing the influence of strong low-frequency noise, the same
filtering may affect the detector in its overall performance. If, for example, the length of

Figure 4.11 Noise equalization filters. The thin curve is original noise spectrum; the thick curve is the final
filtered noise spectrum. For frequencies above 80 kHz the original spectrum (thin line) coincides
with the highpass-filtered spectrum (dashed line).
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the signal is significantly affected by the lower-frequency components of the signal, then
attenuating the lower spectral content may influence the length estimation of the signal.
Although this may or may not be important for the decision of signal presence, such
spectral distortions may significantly influence any further spectrum-based classification
processes. Classification algorithms should therefore be constructed in such a way that
they reflect any data filtering in earlier signal processing steps.

Matlab code snippet to equalize data
%equalization
%Butterworth filter of fixed order
[b1,a1]= butter(2, 2*45000/fs, 'high');
[b2,a2]= butter(2, 2*120000/fs, 'low');
yy1=filter(b1,a1,ss);
yy2=filter(b2,a2,yy1);

Comment on the Matlab code
To generate the filter, the function requires as input the value of the 3dB cut-off
frequency, which is the frequency where the attenuation should be 3 dB. The original
noise curve suggests 45 kHz as the 3 dB cut-off frequency for the highpass and 120 kHz
for the lowpass. To pass the filter cut-off frequencies to the filter functions they are to be
expressed as a fraction of half the sampling frequency.

4.2.2 Bandpass filter

Comparing the noise alone spectrum (Figure 4.10) and the signal spectrum (Figure 2.14)
one could suggest that in order to improve the signal-to-noise ratio one should simply
suppress all noise outside the spectrum of interest. This operation is best done with a
bandpass filter that is tuned to the spectral width of the signal. As we again have to filter a
large quantity of data, the first choice falls once more on a Butterworth IIR filter. In order
to achieve better off-signal attenuation we approach the filter design slightly differently
and define a filter description in terms of cut-off frequencies and stop band attenuation
and let the computer determine the filter order.

Figure 4.12 shows the bandpass-filtered noise. The filter was specified by a passband,
which varied from 20 to 60 kHz, where all frequencies pass without attenuation. The filter
was further designed to suppress by 60 dB all frequencies outside the range 10–100 kHz.

Applying a bandpass filter maintains the spectral power within the passband window,
but requires a priori knowledge of the spectral content of the signal of interest. If the
chosen passband cut-off frequencies are too narrow then spectral signal information is
more suppressed than, for example, with the noise equalization filter. If they are too wide,
especially at the lower-frequency side, then noise suppression and therefore the increase
in SNR may not be as great as expected.

Figure 4.12 shows, in addition to the broadband filter, a narrowband filter, for which
the passband was selected to be 37–43 kHz, that is, just around the expected spectral peak
of the Cuvier’s beaked whale signal.
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Matlab code
Support function

function y=BP_filter(x,df1,df2)
%band-pass Butterworth filter
% df1 id the relative pass band
% df2 is the relative stop band
[n,Wn] = buttord(df1,df2,0.1,60);
[b,a]=butter(n,Wn);
gd=grpdelay(b,a);
nk=round(max(gd)/2);
u=filter(b,a,[x; zeros(nk,size(x,2))]); u(1:nk,:)=[];
y=doAnalytic(u,512);

Comment on the Matlab code
The filter cut-off frequencies are again given as a fraction of half the sampling frequency.
The function shifts the filter output to coincide in time with the original dataset. A call to
doAnalytic transforms the filter into a complex valued analytic time series.

Matlab code for calling the bandpass filter
xx=BP_filter(ss,df1,df2);
nn=sqrt(mean(abs(xx).^2));
snr = abs(xx)/nn;

Figure 4.12 Bandpass filter applied to noise. Thick solid line, broadband; dashed line, narrowband filter.
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where the frequencies are defined as follows

Broad bandpass
df1=[20 60]/fs*2000; %pass-band
df2=[10 100]/fs*2000; %stop-band

Narrow bandpass
df1=[37 43]/fs*2000; %pass-band
df2=[30 50]/fs*2000; %stop-band

4.2.3 Filter performance

Figure 4.13 compares the detection performance only in terms of Pdet and PFA, as the
ROC curves of the filtered methods are the same. From the figure we may note that the
minimal threshold for which no false alarms occurred is 12 (21.6 dB) for the original
envelope detector, 6 (15.6 dB) for the noise equalization filter, 5 (14 dB) for the wide
bandpass filter, and 3 (9.5 dB) for the narrow bandpass filter. The required threshold to
detect the weakest signal is 6 (15.6 dB) for the original envelope detector, 8 (18.1 dB) for
the noise equalization filter, 10 (20 dB) for the wide bandpass filter, and 3.5 (10.9 dB) for
the narrow bandpass filter.

Figure 4.13 Detection performance of noise reduction filters.
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For the original envelope detector the strongest false alarm is 6 dB above the weakest
signal and a trade-off between PFA and Pdet is necessary for the threshold selection. For
all other modified detectors (equalization, broad and narrow bandpass filters) the stron-
gest false alarm is now well below the weakest signal by some 2.5 dB for the noise
equalization filter, 6 dB for the wide bandpass filter and 1.3 dB for the narrow bandpass
filter, allowing the selection of an optimal threshold detecting all signals without false
alarms. From this result we may deduce that the wide bandpass filter is the best filter as it
allows the detection of signals that are up to 6 dB weaker than the ones that are present in
the dataset, without increasing the false alarms.

Figure 4.14 shows the improvement of the detector performance due to noise equal-
ization in terms of a ROC curve. The improved detector is perfect insofar as it achieved
100% detection probability for 0% false alarm probability. Of course, this result is
specific to the analysed dataset and in cases where weaker signals are present then the
both detector ROC curves will shift away from the 100% Pdet – 0% PFA corner. Only the
case of the equalization filter is shown as the ROC curves of all other filters coincide with
the equalization filter, i.e. they are equally perfect.

4.3 Detection of FM signals with pulse compression (matched filter)

In the previous section, we learned that with a bandpass filter we may increase the signal-
to-noise ratio of the signal, improving the detector performance. Now we explore

Figure 4.14 ROC curve before (star-marked line) and after (circle-marked line) noise equalization filter for
envelope detector.
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whether there exists an optimal filter that not only improves but also maximizes the
signal-to-noise ratio. As we may expect, the optimal or best filter will depend on the
specific signal to be detected and it is therefore only appropriate to assume that we know
the signal that we wanted to detect.

4.3.1 Matched filter theory

The matched filter is a standard signal processing method for radar and sonar processing
where the signal is known by definition. This matched filter is an optimal filter for a
known signal. The following theory follows the presentation in Winkler (1977).

Given a known signal s(t) with energy

E0 ¼
ZT
0

sðtÞj j2dt (4:21)

the output at time T of a linear filter with the impulse response h(t) is in general given by
the convolution of the time series x(τ) and filter impulse response h(τ)

yXðTÞ ¼
ZT
0

xðτÞhðT� τÞdτ (4:22)

Applying a filter to a signal, we obtain a result that in general carries less energy than the
signal energy, but which may reach the signal energy if we choose the filter to be
proportional to the time-reversed signal, that is, we match the filter to the signal

hðtÞ ¼ ksðT� tÞ (4:23)

as we then obtain

ySðTÞ ¼
ZT
0

sðτÞhðT� τÞdτ ¼ k

ZT
0

sðτÞsðτÞdτ ¼ kE0 (4:24)

As the filter affects not only signals but also noise (e.g. between signals) the question
arises of how the filter processes noise.

It is convenient to assume the noise n(t) to be a random process with zero mean and
autocorrelation

RNNðt; τÞ ¼ E nðtÞnðτÞf g (4:25)

where E{.} denotes the mean or expectation operator.
The expected noise power at the filter output is then written as

E yNðTÞj j2
n o

¼
ZT
0

ZT
0

RNNðt; τÞhðT� τÞdτ
0
@

1
AhðT� tÞdt (4:26)
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It is now common to assume that the noise is white, that is, its spectrum density is
constant for all frequencies and the autocorrelation function is zero for all t ≠ τ, so that we
obtain

E yNðT Þj j2
n o

¼ k2RNNð0Þ
ZT
0

s2ðT� tÞdt (4:27)

If we define the signal-to-noise ratio at the filter output at time T as

S

N

� �2

max

¼ ySðT Þj j2

E yNðT Þj j2
n o (4:28)

then we obtain

S

N

� �
max

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

E0

RNNð0Þ

s
(4:29)

Relating the signal energy E0 to the mean signal intensity I0 and noting that the input
noise N0 is given by N0 ¼ BRNNð0Þ where B is the bandwidth of the signal, then we
obtain

S

N

� �
max

¼
ffiffiffiffiffiffiffi
BT

p ffiffiffiffiffiffi
I0
N0

r� �
¼

ffiffiffiffiffiffiffi
BT

p S

N

� �
IN

(4:30)

The processing gain of the matched filter, which is defined for intensity ratios, is therefore

PGMF ¼ 10 logðBT Þ (4:31)

The matched filter improves the signal-to-noise ratio by replacing the mean signal
intensity with the signal energy and the broadband noise by the spectral noise value.
The greater the time–bandwidth product BT, the greater the processing gain. Even if real
noise is seldom white noise, as assumed for Equation 4.27, the processing gain as given
in Equation 4.31 remains a good approximation of what may be obtained with a matched
filter, as long as the signal is well known.

4.3.2 Matched filtering of right whale up-calls

In this section we take a sequence of very low-level northern right whale up-calls and try
to filter the signals with a matched filter. Figure 4.15 repeats Figure 2.29 and shows a
spectrogram of about 75 seconds of data containing six barely visible up-calls from a
northern right whale, which are marked with downward arrows.

Constructing the replica
In order to apply a matched filter we have to construct a replica, which is a signal
waveform that may be used as the input into our matched filter. There are multiple
options, one of which is to use a very high-quality (noise free) example of a real signal;
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another is to construct an artificial signal that reflects the frequency function of the real
signal as precise as possible. The latter case is of importance where high-quality signals
are not available.

Figure 4.16 shows a direct comparison of the data before and after the matched filter.
Here I opted for a synthetic reconstruction of the right whale up-call. In particular, I
generated a cubic frequency function, which closely follows the visualized up-call, as can
be seen in the lower left panel of Figure 4.16.

To generate an up-call replica we define the replica as a complex valued signal

RðtÞ ¼ WðtÞ exp �2πifðtÞtf g (4:32)

where W(t) is a amplitude weighting function and the frequency function f(t) is con-
structed from a set of numbers q1, . . . , q4 via the following formula:

fðtÞ ¼ q1
4
t3 þ q2

3
t2 þ q3

2
tþ q4 (4:33)

The order of the coefficients qn has been chosen to coincide with the output of the
polyfit Matlab function, which may be used to perform a polynomial fit of manually
obtained frequency read outs.

In Figure 4.16 one notes further that the signal is not at all visible in the time
series, which is dominated by low-frequency sounds (< 100Hz) (upper left panel in
Figure 4.16), but after matched filtering there is a strong peak at the beginning of
the up-call (upper right panel, Figure 4.16). This is also a specific characteristic of the
matched filter; as the matched filter time-compresses the signal into a sharp peak, the

Figure 4.15 Northern right whale up-calls. Six weak up-calls are marked by arrows.
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location of this peak is of importance. Because of the way in which the matched filter is

constructed, the peak is placed at the beginning of the signal, but in some applications

it may be more practical to have the peak at the end of the signal (see comment on

Matlab code).
Comparing the two spectrograms in Figure 4.16, we can also note that the matched

filter transformed a long broadband signal into a short broadband pulse. The bandwidth

of the replica is maintained, but the signal is compressed in time and its resulting length is

reduced.
Figure 4.17 finally compares the original time series with the matched filter output.

While the original time series shows some low-frequency noise-related spikes, the

matched filter output clearly shows the six signals marked in Figure 4.15. Figure 4.17

shows three additional peaks (c. 18 s, c. 47 s, c. 63 s), that are not visible in Figure 4.15; it

is difficult to affirm that these additional peaks are also right whale up-calls, but they may

be very weak ones.
It is therefore fair to say that after applying a matched filter it should be easier for a

detector to decide on signal presence, even if the synthetic replica is not a perfect match.

However, owing to possible mismatch of replica and signal, it may be difficult to achieve

Figure 4.16 Single right whale up-call before (left) and after (right) pulse compression. Black line indicates
the frequency function of the replica (shifted up by 0.02 kHz to keep the right whale up-call
visible).
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the estimated processing gain of 25 dB (BT = 340 for T = 1.7 s and B = 200Hz) for the
selected example of a real right whale up-call.

Matlab code for replica generation
% generating a synthetic right whale up call
qq=[0.025 0.02 0.05 0.07]; % based on kHz spectrogram
tr=31.9:0.1:33.6;

dt=1/fs;
tt_r=(0:dt:(tr(end)-tr(1)))';
ff_r=polyval(qq.*[1/4 1/3 1/2 1],tt_r);
nw=length(tt_r);
R = hann(nw).*exp(-2*pi*i*ff_r.*tt_r*1000);

Matlab code for matched filter
%using fftfilt to match filter the data
y=fftfilt(flipud(R),[ss;zeros(floor(nw),1)]); y(1: floor(nw))=[];

Comments on the matched filter code
If we use fftfilt to estimate the matched filter, then we have to time-inverse the replica
according to Equation 4.23. This is done for a column vector by flipud(R). In cases
where we wanted the peak at the end of the signal then the match filter simplifies to

y=fftfilt(flipud(R),ss);

Figure 4.17 Matched filter results.
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4.4 Detection of dolphin whistles

Although the detection of short stereotyped FM calls may be considered as a special
application of a time domain transient detector where a matched filter transforms the FM
call into a short transient, this may not be so easy when we are confronted with dolphin
whistles.

Dolphin whistles are extremely variable in both duration and frequency coverage. A
simple matched filter approach may only be suitable if a specific whistle is searched for
inside a large dataset, but in general PAM applications, whistles of potential interest
appear with such a variety as to challenge classical matched filter approaches.

Although it is easy to state that all signals may be described by taking the real part of
some complex valued function

SðtÞ ¼ AðtÞ exp �2πifðtÞtf g (4:34)

it is in general not trivial to reconstruct from the measurements both the amplitude and the
frequency function. As a matter of simplification, whistles are therefore only described
by the frequency function f(t) and the development of a whistle detectors will most likely
be based on the spectrogram.

As example, let us consider Figure 4.18, where we see the time series and the
spectrogram of multiple striped dolphin whistles. First, we realize that the dolphins
tend to mix clicks and whistles, so that signal processing becomes challenging. As

Figure 4.18 Example of multiple whistles of striped dolphins (courtesy G. Pavan).
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expected, clicks are easier to see in the time series, whereas whistles are more obvious in
the spectrogram display.

It seems intuitive to conclude that whistle detection is more a two-dimensional signal
processing problem than a simple one-dimensional one, which we discussed for the
detection of echolocation clicks. However, there are no reasons not to consider whistle
detection in the context of the sonar equation, that is, to assess the signal-to noise ratio
and decide for signal presence if the SNR exceeds a predefined threshold.

Figure 4.19 shows a horizontal and a vertical cut through the spectrogram crossing
at the time–frequency ‘co-ordinates’ of 2.5 s and 10.85 kHz, which was chosen
intentionally as a whistle passes through this point. In fact, the time series shows a
peak at 2.5 s and the spectrum shows for the same time a peak at 10.85 kHz. Whistles
are now easily detectable as broad peaks both in the time series cut and in the
spectral cut.

If we recall that spectrograms are based on STFT with short windows we recognize
without difficulty that the time series cut may be considered as a very narrow bandpass-
filtered dataset. The width of the spectral peak of a tonal signal is determined by the
length and shape of the STFT windowing function as shown in Figure 2.17. Inspecting
Figure 4.19, one may find the presence of at least three tonal peaks at 10.86, 11.84 and
21.75 kHz. The third peak is most likely the second harmonic of the first peak, as its
frequency is doubled.

Figure 4.19 Cuts through spectrograms. Top panel: time series for fixed frequency (10.85 kHz). Bottom panel:
spectrum for fixed time (2.5 s).
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Confronting the information that we can extract from the two spectrogram cuts of the
original spectrogram, it becomes clear that whistle detection is more than the detection of
tonal sounds and also requires the tracking of the instantaneous detections of the same
whistle as time progresses.

Before we enter the discussion of possible processing techniques to extract and track
whistles, we should also inspect the impact of clicks on whistle detection. Figure 4.20
presents another time–frequency cut at a selected time–frequency co-ordinate, where we
still see the tonal peak at 12.57 kHz but on top of a broad click-type spectrum.

Comparing the temporal time cuts of Figures 4.19 and 4.20 (top panels) one notes that
in the latter figure the temporal peak (c. 0.6 s) is similar to what one would expect from a
short click, whereas in Figure 4.19 the peak (c. 2.5 s) is typical of a tonal signal that needs
some time to cross the frequency bin.

4.4.1 Spectral equalizing

From the spectrogram and from the spectral cuts we deduce next that the lower frequen-
cies of the background noise also contain more energy in this dataset than the higher
frequencies. As we are interested in a wide range of frequencies, a simple bandpass filter
to remove unwanted noise is not an option.

The first signal-processing step is therefore to equalize the data. For the click detector
we applied a low-order highpass filter to suppress the lower frequencies such that the final

Figure 4.20 Cuts through spectrogram with the presence of a click (0.59 s, 12.57 kHz).
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noise spectrum became nearly flat. Here we try another approach, that is, we try to fit a
simple model to the measurements. For this we estimate the spectral noise on two
different frequencies and use these two measurements to obtain a simple noise model

NðfÞ ¼ N0 � 20 logðfþ f0Þ (4:35)

withN0, f0 being two parameters to be estimated from the noise spectra. By using the term
20 logðfÞ, we assume a 6 dB/octave frequency decay law for the ambient noise.

Given two frequencies f1, f2 and therefore two noise estimates N1, N2, the parameters
N0, f0 are estimated by

f0 ¼ qf2 � f1
1� q

(4:36)

where

q ¼ 10
N2�N1

20 (4:37)

and

N0 ¼ N2 þ 20 log 10ðf2 þ f0Þ (4:38)

The proper estimation of the noise level would be done by obtaining the mean power
squared of narrowband-filtered data without any signals, be they clicks or whistles.

Figure 4.21 gives the resulting noise model overlaid on the background noise estimate.
The background noise estimate was based at frequencies of 1000 and 4000Hz, which

Figure 4.21 Selected spectrum with modelled ambient noise overlaid.
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may be found free of whistles. The spectral difference of 11 dB that was found between

the two frequencies corresponds nearly to the theoretical decay of 6 dB/octave, giving

confidence in the noise estimate.
By subtracting the estimated noise level from the spectrogram, one obtains an equal-

ized, or better, a normalized spectrogram, as shown in Figure 4.22. The normalized

spectrogram is then suited for a threshold detector.

4.4.2 Local max detector

Considering Figures 4.19, 4.20 and 4.21, one could conclude that a suitable approach to

detect whistles is first to detect tonal peaks in the spectra. If the detector is at the same

time based on differentiation, then slowly varying spectra of broadband clicks will

contribute less than fast changes that are typical of local spectral peaks of whistles.
A natural choice to find the local maxima is based on differentiating the data and using

the second derivative of the spectrum as indicator of the local maxima. In particular, we

use the negative second difference to transform the equalized spectrogram into a form

that is suited for threshold detection.

Dð f Þ ¼ 2Pð f Þ � Pð f� df Þ þ Pð fþ df Þð Þ (4:39)

where df is the spectral increment of the spectrogram. The sharper the peak, the greater

the value of Equation 4.39 becomes.

Figure 4.22 Equalized spectrogram of Figure 4.18.
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Figure 4.23 shows the result of Equation 4.39 for the two spectral cuts of Figures 4.19
and 4.20. One clearly sees that the two functions are similar without indication of the
presence of the broad click (shown as a dashed line in Figure 4.23).

Thresholding the twice-differentiated spectrograms then results in a binary spectro-
gram; Figure 4.24 shows the result of this operation. The different whistles are clearly
visible as traces, but there are significant false detections in the form of random dots
between the whistles.

The next step in the processing chain is to clean up the thresholded twice-differentiated
detector display and to extract the different whistles. A simple clean-up maintains,
among the thresholded values, only the spectral locations of the local maxima.
Reducing the rather broad thresholded frequency band to a single value, however,
increases the chances of discontinuous frequency changes in otherwise continuous
whistles. Estimating the spectrogram with significant overlap (here I used an overlap
of ¾ of the window length) helps to avoid small jumps in the spectrogram and to obtain
smoother whistle traces.

Figure 4.25 shows the spectral local maxima of a single whistle. Even though the
number of threshold crossings is now reduced, one can still see the different parts of the
whistle. However, some discontinuities occur, the effect of which may or may not be a
problem for whistle extraction. Frequency jumps may be genuine to the whistles and may
even be characteristic of the particular species.

Figure 4.23 Loc-max-transformed spectra. Top panel corresponds to Figure 4.19; bottom panel corresponds to
Figure 4.20. The dotted line is the original power plot, which is scaled so that its peak coincides
with the loc-max-transformed spectrum.
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Figure 4.24 Raw loc-max detector display.

Figure 4.25 Zoom into loc-max detector output.
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Using the second derivative is one method to emphasize the presence of narrow
spectral whistle peaks. Another method that is worth mentioning is based on an edge
detector (Gillespie, 2004) which uses the first derivative to localize both the start
(positive gradient) and the stop (negative gradient) of a narrow spectral whistle peak.

Matlab code to find local maxima
%thresholding the 2nd derivative
th=4;
B4=(D2>th).*B2;

%find local maxima in frequency direction
M1=[0*B4(1,:);B4(2:end,:)>B4(1:end-1,:)];
M2=[B4(1:end-1,:)>B4(2:end,:);0*B4(end,:)];
M=M1.*M2; clear M1 M2 % clear intermediate matrices

4.4.3 Whistle tracking and extraction

Similar to the procedure developed for the click detector, it may be useful for subsequent
whistle classification to extract the whistles from the dataset. For this, it is necessary to
connect the different detected local spectral maxima into whistles. This task is carried out
by a tracker, which takes the measurements (frequencies of local spectral maxima) for
every time step and generates tracks (whistles), that is, the whistle tracker combines all
the frequencies that belong to the same whistle into a unique whistle track. The key
problems are to connect measurements (localized frequencies) with existing whistle
tracks, to initiate new whistle tracks and to terminate whistle tracks.

A variety of tracking algorithms are available that are suited for the tracking of
whistles. All methods assume that a more or less complex model describes the temporal
variation of the track. They take measurements and determine the parameters of the
assumed model (state of the model) by comparing the measurements (or observations)
with the model predictions. Important for all tracking algorithms is that the measure-
ments are considered to be affected by measurement errors; trackers are frequently used
to improve the measurements, or to filter the observations. Here we use a simple tracking
algorithm to connect local spectral measurements to one or more whistles, that is, we are
interested in the implicit data association capability of trackers and not necessarily in the
filtering of the measurements.

Data association
Consider a dataset where Ne whistles have so far been detected and where Nm new
measurements are becoming available. The data association tries to generate unique
relations between predicted (whistle) track estimates ye( j), j = 1, . . ., Ne and new
(frequency) measurements ym(i), i = 1, . . ., Nm, where the number of predicted estimates
does not need to be equal to the number of measurements.

For example, consider the following existing track description (Table 4.1) where the
top row counts the elements, each of which is a unique track, the second row gives
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the unique label of the track and the bottom row denotes the predicted estimate of the
track.

Next, assume the following new measurements (Table 4.2) where the top row counts
again the elements and the second row contains the new measurements.

To proceed with the data association we generate a pairwise difference matrix (grey
area in Table 4.3). We locate the row-wise minima in Table 4.3 and place their values and
locations as E2 and I2 to the right of the difference matrix. These minima link every new
measurement with the nearest existing track. We also locate the column-wise minima in
Table 4.3 and place their values and locations as E1 and I1 below the difference matrix.
These column- wise minima link every track to the closest measurements.

In the following we apply a simple allocation rule:

1. Tracks are continued if the row-wise minimum is also the column-wise minimum.
2. Tracks are only continued if the distance between predicted track estimates and

measured value does not exceed a given threshold, otherwise the links are broken up.
3. Existing tracks that are not continued this way are considered as idle.

Table 4.1 Predicted track estimates (frequency bin)

1 2 3 4 5
10 11 12 13 14
50 100 120 130 170

Table 4.2 Measured values (frequency bin)

1 2 3 4
94 105 129 200

Table 4.3 Association table (5 tracks and 4 measurements)

n1 1 2 3 4 5
L1 10 11 12 13 14

n2 50 100 120 130 170 E2 I2 I1(I2) F2
1 94 44 6 26 36 76 6 2 2 1 new
2 105 55 5 15 25 65 5 2 2 0 old
3 129 79 29 9 1 41 1 4 3 0 old
4 200 150 100 80 70 30 30 5 4 1 new

E1 44 5 9 1 30
I1 1 2 3 3 4

I2(I1) 2 2 4 4 5
F1 1 0 1 0 1

idle old idle old idle

For detailed description, see text.
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4. Measurements that are not linked to tracks in this way are considered to start a new track.
5. Broken-up tracks result in both idle and new tracks.

From Table 4.1 we note that rule 1 requires that

I2ðI1Þ ¼ n1

I1ðI2Þ ¼ n2
(4:40)

In Table 4.3, this rule would generate the following track–measurement associations:
2–2, 4–3, 5–4 (track first and measurement second).

Rule 2 requires that the distance linking track estimates with measurement does not
exceed a predefined distance. Assuming a threshold of 6 we find that in Table 4.3 the
‘5–4’ association is linked with a distance of 30, i.e. is exceeding the threshold, and
should be broken up.

Consequently, tracks 1, 3 and 5 are not connected to new measurements and are
considered as idle. Likewise, measurements 1 and 4 are not linked to existing tracks and
are considered as starting points of new tracks.

Applying these rules to Table 4.3 produces the results shown in Table 4.4, which
shows the final set of tracks and measurements. To complete the result, we initiate new
tracks by duplicating the measurements (marked with ‘new’ in Table 4.3) and label them
with a new track number (labelled 15 and 16 in Table 4.4). In cases where tracks are
potentially ending (indicated as idle in Table 4.4) the missing measurements are simu-
lated by duplicating the last predicted estimate, or alternatively, by inserting the next
predicted track estimate. Continuing this way with idle tracks, or tracks without new
measurements, allows us to bridge isolated missing measurements. Keeping track of the
number of missing measurements permits the final termination of idle tracks later.

Matlab code of data association function
function [ya ntr]=doAssoc(ye,ym,dy,yl,yb,ntr,th,mx)
% handle case that we have measurements but no tracks
if isempty(ye)

yln=ntr+(1:length(ym))'; ntr=ntr+length(ym);
ya=[ym ym 0*ym yln 0*ym 1+0*ym];

Table 4.4 Association result

est meas label

Old 2 100 2 105 11
Old 4 130 3 129 13
Idle 1 50 1 50 10
Idle 3 120 3 120 12
Idle 5 170 5 170 14
New 1 94 1 94 15
New 4 200 4 200 16
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return
end
% handle case that we have tracks but no measurements
if isempty(ym)

ya=[ye ye dy yl yb-1 2+0*ye];
return

end
%
% standard case
% difference matrix
E=ym*ones(1,length(ye))-ones(length(ym),1)*ye';
%
% locate row-wise and column-wise minima
[E1,I1]=min(abs(E),[],1);
[E2,I2]=min(abs(E),[],2);
%
% estimate back-pointers in column form
I21=I2(I1); I21=I21(:);
I12=I1(I2); I12=I12(:);
%
% find new and idle tracks
F1=~(E1<th & I21'==(1:length(I1)));
F2=~(E2<th & I12==(1:length(I2))');
%
% allocate new track labels
if ~isempty(ym(F2))

yln=ntr+(1:length(ym(F2)))'; ntr=ntr+length(ym (F2));
else

yln=0*ym(F2);
end
%
%generate association matrix
% use I2(~F2), ~F2 pair for continuated track
% could use also I1(~F1), ~F1 pair
I3=I2(~F2);
%
ya=[ye(I3), ym(~F2), dy(I3), yl(I3), 0*yb(I3), 0*ym(~F2);

ym(F2), ym(F2), 0*yln, yln, 0*ym(F2), 1+0*ym(F2);
ye(F1), ye(F1), dy(F1), yl(F1), yb(F1)-1, 2+0*ye(F1)];

%
%prune shorties
ifl=ya(:,5)<-mx;
ya(ifl,:)=[];
%
return

Comment on the Matlab script
In addition to the basic allocation algorithm, the script handles cases where no measure-
ments were taken or where no tracks are available. In addition, all idle tracks that exceed a
maximal idling length are terminated and removed from the track list.
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To complete the whistle detection problem we have to augment the allocation
algorithm with a tracking algorithm, for which we use a simple prediction–correction
scheme. After association of the new measurements to track predictions, the track
estimate is corrected according to the difference between predicted track estimate ye
and measurements ym

yc ¼ ye þ αðym � yeÞ (4:41)

where yc is the new best estimate of the track value and α is a gain factor. An α = 0 ignores
the new measurement and an α = 1 ignores the predicted track estimates.

The new predicted track value is then estimated by

ye ¼ yc þ dy (4:42)

where dy is the result of an exponential averaged prediction–measurement difference

dy ¼ βdyþ ð1� βÞðym � yeÞ (4:43)

and β is the exponential weighting constant.

Matlab code of tracker module
function [DET,ntr]=doTracking(M,iox,th,mx,gain,beta)
DET=[];
ye=[]; dy=[]; yl=[]; yb=[];
ntr=0;
%
%localize local maxima
[Mr,Mc]=find(M);
%
for io=iox

ij=Mc==io;
ym=Mr(ij);
%
[ya ntr]=doAssoc(ye,ym,dy, yl,yb,ntr,th,mx);
%
ye=ya(:,1);
dy=ya(:,3);
yl=ya(:,4); %track number
yb=ya(:,5); %idle counter

% correct actual measurement
dya=gain*(ya(:,2)-ya(:,1));
yc=ye+dya;
%
% store actual tracked
DET=[DET;[io+0*yc, yc, yl, yb dy]];
%
%predict for next sample
dy=beta*dy+(1-beta)*dya;
ye=yc+dy;

end
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The result of the whistle detection algorithm is shown in Figure 4.26, which is based on a

small sample extracted from Figure 4.25, where the measurements are shown in grey and

the resulting tracks are given as punctuated lines. A complete picture will be presented in

the next chapter.
From Figure 4.26, one may note that short spurious detections are successfully

removed from the whistle track list, except where they are in continuation of an idle

track. The association threshold thwas set to 10; the maximal idle count mxwas taken as

6. After tracking, all tracks that were shorter than 10 elements were eliminated.
The tracking algorithm presented above is a rather simple, but nevertheless successful,

tracking algorithm. It was chosen to demonstrate the elements that are necessary for any

tracker. There is a variety of possible modifications for the data association rules and the

prediction and correction steps.
A useful modification addresses the case where two or more measurements are

in vicinity of an existing track. Figure 4.26 shows, close to 10 kHz, two spurious

tracks in parallel to the long main track. Here we resolved this problem by generating

new tracks, but an interesting alternative could be to consider the additional nearby

measurements as multiple measurements of the same track and to combine them into

a single measurement. One could further consider the weaker of the two tracks a

spurious side-lobe of the whistle, which should be removed from the measurement

list.

Figure 4.26 Sample of whistle fragments (isolated dots) and overlaid tracks (connected markers).
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The predictor–corrector step implemented above is very basic; algorithms that are
more sophisticated are possible. For example, one could extend the predictor from a
single time lag to a multiple time lag algorithm (Hamming, 1986), or one could estimate
the gain factor α adaptively, as done for a Kalman filter. See Section 6.11 for more details
on tracking, especially for an implementation of a Kalman filter.
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5 Classification methods

The objective of this chapter is to introduce the classification of detected objects, that is,
to assign the detected signals (clicks or whistles) to different cetacean species. We will
concentrate on two approaches, namely classification based on ‘single’ and on ‘multiple’
signals. Single-signal-based classification exploits the features that are intrinsic to each
cetacean sound emission and that may be done in both the time and the spectral domain.
Multiple-signal-based classification requires the detection of more than one signal of the
same species to perform the classification.

5.1 Classification basics

Classification is the process that assigns measurements to distinct classes and is of
importance when there are multiple solutions to the allocation process. We have
already addressed the data allocation process for the whistle tracker, where we
implemented a simple and straightforward allocation algorithm. General classifica-
tion problems are similar, but instead of needing to assign a single frequency to
one of the whistles, we have a vector of measurements, or feature vector, which we
wanted to assign to a class.

To demonstrate the problem, let us assume that our click detector generates for each
detection a simple 3-element feature vector, e.g. signal length, spectral bandwidth and
frequency of spectral peak. The task for the classification algorithm is then to take this
feature vector and ideally to tell the user which species generated the click. That this
could in principle be possible is shown by the following considerations (see Figure 2.14):
a narrowband click at frequencies above 100 kHz may be coming from a harbour
porpoise; a broadband click centred around 15 kHz is most likely from a sperm whale;
a rather long broadband click around 40 kHz could come from a beaked whale; a very
short click above 20 kHz is very probably emitted by a dolphin. The use of terms ‘may
be’, ‘most likely’, ‘could’ indicates that classification is a probabilistic process and does
not result in certainty. High-frequency monochromatic clicks are also emitted by pseudo-
orcas, low-frequency clicks are also produced by pilot whales, and some dolphin species
emit rather long clicks. The solution to uncertainties is either to choose different features
or to add new features to improve the discrimination capabilities of the classification
algorithm. For example, sperm whale clicks are multi-pulsed and the presence of this
multi-pulse structure would allow the final discrimination between sperm and pilot whale

164



clicks. Beaked whale clicks often show a weak frequency modulation, a feature that is not
present in dolphin clicks.

It is fair to say that to be successful classification generally requires same a priori
knowledge, and the classification of cetacean sounds is no exception. The paucity of this
a priori knowledge is also the main reason why the development of classification algo-
rithms for cetacean sounds is still in its infancy. As PAM systems have the potential to
collect huge amounts of data from different species with the same hardware and software,
one should expect that the development of classification methods will progress fast.

5.2 Optimal classification

Let us first address the general question of whether there is an optimal classification and
what the optimal decision rules may be (Niemann, 1974). For this, we recall that the
classification process takes measurements, observations or features and tries to determine
the appropriate species or animal class that has generated the measured feature.

Given a set of K distinct classes

Ok for k ¼ 1; . . . ;K (5:1)

that are occupied with with a priori probabilities

pðOkÞ ¼ pk (5:2)

Given further

wmðc jOkÞ ¼ wðc1; . . . ; cm jOkÞ k ¼ 1; . . . ;K (5:3)

the conditional probability density of observing the m-dimensional feature vector
c ¼ ðc1; . . . ; cmÞ given the class Ok.

That is, for each class there exists a probability that this class is occupied
(Equation 5.2) and may be the origin of the measurements, and a conditional probability
of observing a feature vector c (Equation 5.3).

Let

δðγl j cÞ l ¼ 1; . . . ;K (5:4)

describe the decision γl for class l when c has been observed, whereby δðγl j cÞ is a
notation that is one for decision γl and zero otherwise. In particular, δðγ1 j cÞ denotes the
decision that the measurement vector c belongs to class O1 and δðγ2 j cÞ that it belongs to
class O2.

One may note that the following integral over all measurements

Pðγl jOkÞ ¼
Z
Rc

δðγl j cÞwmðc jOkÞdc (5:5)

is the probability of decision γl when class Ok is given.
Denote with

Optimal classification 165



Rðγl;OkÞ k; j ¼ 1; . . . ;K (5:6)

the cost associated with the decision γl for class Ol, if there should have been a decision
for class Ok, obtaining

Vðγk j δÞ ¼
XK
l¼1

Rðγk;OlÞPðγk jOlÞ (5:7)

for the cost associated with the decision rule δ for deciding for classOk. It is intuitive that
the costs for correct decisions are less than for wrong decisions

Rðγk;OkÞ5Rðγl;OkÞ l ≠ k (5:8)

Defining an expected risk function

VðδÞ ¼
XK
k¼1

pðOkÞVðγk j δÞ (5:9)

we obtain by inserting 5.7 and 5.5

VðδÞ ¼
XK
l¼1

XK
k¼1

Rðγk;OlÞpðOkÞ
Z
Rc

δðγl j cÞwmðc jOkÞdc (5:10)

Assuming now that we always have a decision

XK
l¼1

δðγl; cÞ ¼ 1 (5:11)

and the measurements are always drawn from the known classesZ
R

wmðc jOkÞdc ¼ 1 (5:12)

then we may decompose the expected risk function

VðδÞ ¼
XK
k¼1

Rðγk;OkÞPðOkÞ

þ
XK
l¼1

XK
k¼1

Rðγl;OkÞPðOkÞ
Z
R

δðγl; cÞwmðc jOkÞdc

�
XK
k¼1

Rðγk;OkÞPðOkÞ
Z
R

XK
l¼1

δðγl; cÞwmðc jOkÞdc

(5:13)

or
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VðδÞ ¼
XK
k¼1

Rðγk;OkÞPðOkÞ

þ
Z
R

XK
l¼1

δðγl; cÞUlðcÞdc
(5:14)

where

UlðcÞ ¼
XK
k¼1

Rðγl;OkÞ � Rðγk;OkÞð Þwmðc jOkÞpðOkÞ (5:15)

is a test function to be minimized.
Let now U0ðcÞ ¼ min

l
ðUlðcÞÞ be the minimum value of the test function. It is clear

from Equation 5.14 that we only minimize the risk function VðδÞ if we decide for class
Oo, that is, if we use

δoðγl j cÞ ¼ 1
0

if l ¼ o
else

�
(5:16)

as only then does the sum in the second term in Equation 5.14 reduce to the minimal
value U0ðcÞ.

To obtain the optimal classification we have to estimate for the different classes Ol a
test function UlðcÞ according to Equation 5.15 and to decide for that class for which the
test function is minimal.

The test function given in Equation 5.15 is very general; problems that are more
specific may result in slight modifications.

Assume now that the costs for the different decision functions are not very well
specified, then it is in most cases justified to assume that the costs may be considered
different for correct and wrong decisions but otherwise constant. We may then assume

Rðγk;OkÞ ¼ RC (5:17)

Rðγl;OkÞ ¼ RF k ≠ j (5:18)

and the test function becomes

UlðcÞ ¼
XK
k¼1

Rðγl;OkÞ � Rðγk;OkÞð Þwmðc jOkÞpðOkÞ

¼ RF

XK
k¼1

wmðc jOkÞpðOkÞ � wmðc jOlÞpðOlÞ
 ! (5:19)

From Equation 5.19 we note that the test function becomes minimal if the product
wmðc jOlÞpðOlÞ becomes maximal yielding to the decision rule to decide for that class
Oo for which the product wmðc jOlÞpðOlÞ becomes maximal
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wmðc jOoÞpðOoÞ ¼ max
l

ðwmðc jOlÞpðOlÞÞ (5:20)

or in short

Oo ¼ argmax
l

wmðc jOlÞpðOlÞf g (5:21)

Using Bayes’ law, Equation 5.21 may be written differently, that is, using

wmðc jOkÞpðOkÞ ¼ wmðc;OkÞ ¼ wmðOk j cÞpðcÞ (5:22)

we obtain

wmðOo j cÞ ¼ max
l

wmðOl j cÞð Þ (5:23)

or

Oo ¼ argmax
l

wmðOl j cÞf g (5:24)

as the solution is independent of p(c).

5.2.1 Detection as a two-class classification

For K ¼ 2 and with Equation 5.20 we obtain the optimal decision for class O2 if

wmðc jO2ÞpðO2Þ4wmðc jO1ÞpðO1Þ
or equivalently

wmðc jO2Þ
wmðc jO1Þ

4
pðO1Þ
pðO2Þ (5:25)

If we consider class O1 as noise and class O2 as signal and assume that the noise
measurements are Rayleigh distributed

wmðy jO1Þ ¼ y

σ2
exp � y2

2σ2

� �
(5:26)

and that the signal data are characterized by a constant amplitude a, which is contami-
nated with Rayleigh noise

wmðy jO2Þ ¼ y

σ2
exp � y2 þ a2

2σ2

� �
(5:27)

then we have the following decision rule for class O2 (presence of signal)

wmðy jO2Þ
wmðy jO1Þ ¼ exp � a2

2σ2

� �
4

pðO1Þ
pðO2Þ (5:28)

which with pðO1Þ þ pðO2Þ ¼ 1 and after taking the logarithm becomes
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a2

σ2
4� 2 ln

pðO1Þ
1� pðO1Þ
� �

(5:29)

If we choose a very small a priori probability of having the opportunity to classify noise,
that is, pðO1Þ551, then

a

σ
4

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�2 ln pðO1Þð Þ

p
(5:30)

which becomes the Neyman–Pearson detection criterion for Rayleigh distributed noise

used in Chapter 4, if we define the signal-to-noise ratio as snr ¼ a

σ
and the false alarm

probability PFA ¼ pðO1Þ. It should, however, be noted that Equation 5.30 assumes that
the signal amplitude a is known, so using Equation 5.30 indicates that the threshold thus
defined is optimal if the false alarm rate is small, that the noise is Rayleigh distributed and
that we know the signal amplitude a.

5.2.2 Gaussian distributed feature vectors

Let us assume next that the feature vectors follow a multi-dimensional Gaussian
distribution

wmðc jOlÞ ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð2πÞm Klj j

p exp � 1

2
ðc� μlÞTK�1

l ðc� μlÞ
� �

(5:31)

with mean feature vector μl for the classes Ol and covariance matrices Kl with determi-
nant Klj j, where the superscript T denotes the vector transpose.

Using Equation 5.22 the test function becomes

wmðc;OlÞ ¼ pðOlÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð2πÞm Klj j

p exp � 1

2
ðc� μlÞTK�1

l ðc� μlÞ
� �

(5:32)

The optimal classification is given by Equation 5.21 and as this solution does not change
by taking the logarithm

Oo ¼ argmax
l

wmðc;OlÞf g ¼ argmax
l

ln wmðc;OlÞð Þf g (5:33)

we can write

ln wmðc;OlÞð Þ ¼ � 1

2
ðc� μlÞTK�1

l ðc� μlÞ þ ln
pðOlÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð2πÞm Klj j

p
 !

(5:34)

so that the optimal classification rule becomes:

Oo ¼ argmin
l

1

2
ðc� μlÞTK�1

l ðc� μlÞ � ln
pðOlÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð2πÞm Klj j

p
 !( )

(5:35)

The application of Equation 5.35 requires knowledge of the expected or mean feature
vectors and the covariance matrices for each class, in addition to the a priori probability
of the class.
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Given a large set of measured feature vectors that are known to belong to the same
class then it is possible to estimate both the mean feature vector and its covariance matrix.
Assume that Nk observations belong to the same class Ok, then the class mean μ and the
covariance matrix K are defined as

μk ¼
1

Nk

XNk

n¼1

cn (5:36)

and

Kk ¼ 1

Nk � 1

XNk

n¼1

cn � μkð Þ cn � μkð ÞT (5:37)

The covariance matrix is here defined as a sample covariance matrix, that is, the
sum is related to the number of degrees of freedom, which is equal to the number
of distances Nk � 1. For any finite sum, both the mean and the (sample) cova-
riance matrix are then only estimates, which become less uncertain the larger the
number of observations is.

Often it is convenient to estimate mean and covariance iteratively, e.g. to improve
the estimates as new measurements are becoming available, for which the class is
known.

For this we let μN�1 be the estimated mean feature vector using N − 1 measured feature
vectors cn; n ¼ 1; � � �N� 1 of a given class, then the estimate of the mean feature vector
obeys the following recursive relation

μN ¼ N� 1

N
μN�1 þ

1

N
cN (5:38)

and for the covariance matrix we obtain a similar recursion formula

KN ¼ N� 1

N
KN�1 þN� 1

N2
cN � μN�1ð Þ cN � μN�1ð ÞT (5:39)

In Equation 5.35 we need the inverse of the covariance matrix and it would be convenient
if one could avoid the inversion and were able to update directly the inverse of the
covariance matrix. Such a method will be shown next.

Consider a matrix A composed of

A ¼ Bþ axxT (5:40)

where x is a vector; then the matrix inversion theorem yields

A�1 ¼ B�1 � a 1þ axTB�1x
	 
�1

B�1xxTB�1 (5:41)

Using Equation 5.41 the recursive estimation of the inverse covariance matrix
(Equation 5.39) becomes, with x ¼ cN � μN�1, a ¼ N�1

N2 and B ¼ N�1
N KN�1
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K�1
N ¼ N

N� 1
K�1

N�1

� 1

N� 1
1þ 1

N
cN � μN�1ð ÞTK�1

N�1 cN � μN�1ð Þ
� ��1

K�1
N�1 cN � μN�1ð Þ� �

K�1
N�1 cN � μN�1ð Þ� �T

(5:42)

5.2.3 Variance analysis

Classification considers in general a large dataset of multi-dimensional feature vectors
belonging to multiple classes. The analysis of such multivariate datasets is closely related
to the analysis of the variances and covariance of the dataset and its grouping into classes
(Steinhausen and Langer, 1977).

Given a dataset cn, where n ¼ 1; . . . ;N runs over all samples and the individual
sample is typically a m-dimensional feature vector, the total mean feature vector μt is
now estimated by

μt ¼
1

N

XN
n¼1

cn (5:43)

Assume now that the total dataset is divided into K classes Ok, with k ¼ 1; . . . ;K, then
we obtain the mean feature vector, or class centroid, of the class Ok by

μk ¼
1

Nk

X
n2Ok

cn (5:44)

where Nk ¼ Okj j is the number of samples within class Ok and N ¼ PK
k¼1

Nk. Obviously,
we have

μt ¼
1

N

XN
n¼1

cn ¼ 1

N

XK
k¼1

X
n2Ok

cn ¼ 1

N

XK
k¼1

Nkμk (5:45)

The total scatter matrix of the data T is defined by

T ¼
XN
n¼1

ðcn � μtÞðcn � μtÞT (5:46)

As

cn � μt ¼ cn � μkð Þ þ μk � μtð Þ (5:47)

and noting from Equation 5.44 thatX
n2Ok

cn � μkð Þ ¼ 0 (5:48)
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we may decompose the total scatter matrix into two components

XN
n¼1

ðcn � μtÞðcn � μtÞT

¼
XK
k¼1

X
n2Ok

ðcn � μkÞðcn � μkÞT þ
XK
k¼1

Nkðμk � μtÞðμk � μtÞT
(5:49)

as the cross-products disappear due to Equation 5.48.
Defining a within-class scatter matrix WK

WK ¼
XK
k¼1

X
n2Ok

ðcn � μkÞðcn � μkÞT (5:50)

and a between-class scatter matrix BK

BK ¼
XK
k¼1

Nkðμk � μtÞðμk � μtÞT (5:51)

then we may rewrite the fundamental result of variance analysis (Equation 5.49) as

T ¼ WK þ BK (5:52)

The scatter matrices are related to the covariance matrices if we divide by the number of
degrees of freedom. The total covariance matrix is estimated by

K ¼ 1

N� 1

XN
n¼1

ðcn � μtÞðcn � μtÞT (5:53)

and the within-class covariance matrix is in analogy estimated by

Kk ¼ 1

Nk � 1

X
n2Ok

ðcn � μkÞðcn � μkÞT (5:54)

The individual variances of the feature components are then the diagonals of the
covariance matrices. The total variance of class Ok is then the sum of the diagonals, or
trace of the covariance matrix

vk ¼ traceðKkÞ (5:55)

and the standard deviation of class Ok is then given by

σk ¼ ffiffiffiffiffi
vk

p
(5:56)

5.2.4 Principal components

Consider the general weighted distance d of a feature vector c from a mean class vector μ

d ¼ ðc� μÞTK�1ðc� μÞ (5:57)
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The covariance matrixK effectively weights the influence of the different components on
the distance estimate. An unweighted distance may be obtained (Steinhausen and Langer,
1977) by defining a transformed vector

z ¼ K�1=2ðc� μÞ (5:58)

as then the distance becomes

d ¼ zTz ¼ zk k2 (5:59)

To obtain the matrix K�1=2 we proceed as follows. Consider a matrix U that is suited to
transform the matrix K into a diagonal form

U�1KU ¼ L (5:60)

where L ¼ diagðλiÞ are the eigenvalues of the matrix K and U is composed of the
eigenvectors.

For positive eigenvalues λi we may estimate L�1=2 ¼ diagðλ�1=2
i Þ and obtain

K�1=2 ¼ UL�1=2U�1 (5:61)

As we only are interested in estimating the distance dn, and if the eigenvectors are chosen
to be orthonormal, i.e. U�1U ¼ I, we may drop the leading matrix U and replace
Equation 5.58 by

z ¼ L�1=2U�1ðc� μÞ (5:62)

In case that not all eigenvalues are strictly positive, or that some eigenvalues are too small
compared with the largest eigenvalue, that is, there exists a lower limit of useful
eigenvalues λmin , then L�1=2 is only estimated for λi4λmin and all other diagonal values
are set to zero. The result is equivalent to a pseudo-inverse with reduced rank.

The feature vectors that are transformed according to Equation 5.62 are uncorrelated
and have zero mean and variance one, allowing the implementation of straightforward
clustering algorithms.

5.2.5 Cluster analysis

For the optimal classification, we considered the case that we have a priori classified
samples and that we only need to learn the mean feature vectors and covariance matrices
of the different classes. In the following, we back up and assume that the individual
samples of the dataset are not pre-classified and that we need to group the data first into
one or more distinct classes. The task is therefore to find the right number of classes, or
clusters, so that each feature vector is optimally allocated to its class.

To begin, we have to define the criterion of an optimal solution. A common approach is
to exploit the scatter matrix of the dataset and to require for the optimal classification that
the trace of the within-class scatter matrix becomes minimal, that is:
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C ¼ traceðWÞ ! min (5:63)

The optimal classification can easily be achieved by implementing an algorithm that may
be synthesized as follows (Steinhausen and Langer, 1977):

1. Estimate class centroids and variances for an initial class allocation.
2. Test for each element whether the optimization criterion is improved by shifting the

element into another class. If so, then shift into other class and re-estimate class
centroids and variances.

3. Continue with step 2, or terminate if for a given number of times no class changes
have occurred.

As for every step, the sum of all within-cluster variances decreases and a new config-
uration is generated, and as there are only a finite number of configurations, the procedure
will always terminate with a minimal variance. However, the minimum will be only
local, as it is dependent on the initial conditions and the sequence of the elements in the
dataset.

Step 1 estimates the class centroids (mean feature vector) for an initial partition of the
ensemble of feature vectors. If no initial partition is given, any ad hoc partitioning is
valid, e.g. uniform distribution of the samples among the classes. The only requirement is
that the number of classes is defined beforehand. If no a priori knowledge exists on the
number of classes, then the clustering should be carried out for a varying number of
clusters.

Step 2 asks for shifting an element c from classOi to classOj where the variance in the
destination class Oj reduces more than the variance in the source class Oi.

Let Wi and Wj be the within-class scatter matrix of Oi and Oj, respectively, before
shifting the sample c from Oi to Oj, then the scatter matrices become after the transfer

~Wi ¼ Wi � Ni

ðNi � 1Þ c� μið Þ c� μið ÞT (5:64)

~Wj ¼ Wj þ Nj

ðNj þ 1Þ c� μj

	 

c� μj

	 
T
(5:65)

From Equations 5.64 and 5.65 we deduce that the trace of the within-class scatter matrix
reduces if

Nj

ðNj þ 1Þ c� μj

�� ��25 Ni

ðNi � 1Þ c� μik k2 (5:66)

After moving the sample c from classOi to classOj we may update the class centroids by
means of the following recursive relationships

ðNi � 1Þ~μi ¼ Niμi � c (5:67)

ðNj þ 1Þ~μj ¼ Njμj þ c (5:68)

and the class variances v according to
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ðNi � 2Þ~vi ¼ ðNi � 1Þvi þ Ni

Ni � 1
c� μik k2 (5:69)

Nj~vj ¼ ðNj � 1Þvj þ Nj

Nj þ 1
c� μj

�� ��2 (5:70)

So far we have assumed that the number of classes is known a priori. This is
very often not the case. We therefore need a procedure to estimate the number of
classes that best characterize the sampled dataset. Let us assume that the dataset
is composed of samples that are drawn from Ktrue classes. Without knowledge of
Ktrue we carry out the cluster analysis for a varying number of classes, say from a
minimum of 2 to a maximum of Kmax, and decide a posteriori on the best
solution Kopt, which we hope is close, if not identical, to the true number of
classes Ktrue.

One good candidate for such an optimality criterion is based on the F-ratio
(Steinhausen and Langer, 1977). As we used the diagonal sum of the within-class scatter
matrix, traceðWKÞ, to search for the optimal partitioning of our dataset among the K
classes, it is intuitive to use the obtained sample variances for our search for the optimal
number of classes. The sample variances of the different scatter matrices are estimated by
dividing the trace (sum of diagonals) by the number of degrees of freedom.

In particular, we obtain for the (sample) variance of the complete dataset

vT ¼ traceðTÞ
mðN� 1Þ (5:71)

for the accumulated within-class variance

vW;K ¼ traceðWKÞ
mðN� KÞ (5:72)

for the between-class variance

vB;K ¼ traceðBKÞ
mðK� 1Þ (5:73)

and for the F-ratio

FðKÞ ¼ vB;K
vW;K

¼ traceðBKÞ
traceðWKÞ

N� K

K� 1
(5:74)

The F-ratio was introduced to test whether the centroids of different classes are signifi-
cantly different. Here we do not want to test whether the differences of the class centroids
are significant, but we want to find the optimal partitioning of the dataset resulting in class
centroids that are as different as possible, that is, we search for the optimal number of
classes Kopt that maximizes the F-ratio

Kopt ¼ argmax
K

FðKÞf g (5:75)
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Example The following example is divided into four parts, for which I give the Matlab
code.

1. Simulation of measurements
2. Transformation of measurements to obtain homogeneity of component variances
3. Cluster analysis for varying number of classes
4. Presentation of optimal results

To make the example somewhat realistic, results from a click detector were simulated. In
particular, four species were assumed to be present in the dataset: sperm whale (Pm),
Cuvier’s beaked whale (Zc), bottlenose dolphin (Tt) and harbour porpoise (Pp). Three
different types of measurement were modelled as Gaussian variables: click length,
frequency of spectral peak and spectral bandwidth.

The assumed values of mean and standard deviation may be found in theMatlab script,
and the result of the simulation is shown in Figure 5.1, which shows that the four species
are very well separated in the parameter space and the clicks correctly classified. The
class numbers in Figure 5.1 are arbitrary; it is the final task of the user to inspect the
cluster centroids and to label the different clusters with the corresponding species.

After partitioning the dataset into different classes that are characterized by class mean
μ and covariance matrixK, we are now in the position to apply Equation 5.35 for optimal
classification of new feature vectors, which we will address in the next section of this
chapter.

Figure 5.1 Classification by cluster analysis.
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Matlab code for generation of Figure 5.1
%Scr5_1
%
%Cluster analysis
% Simulation
% simulated samples per cluster
% Pm, Zc, Tt, Pp
nc=[60 50 70 40];
% assumed centoids
mc=[0.1 0.2 0.05 0.2; %length

15 40 30 120; %centerfrequency
5 10 30 5]; %bandwidth

% assumed sigmas
sc=[0.01 0.02 0.005 0.01; %length

1.5 4 3 10; %centerfrequency
1 2 4 1]; %bandwidth

%
xx=[];
randn('state',0);
for ii=1:length(nc)

xx=[xx;ones(nc(ii),1)*mc(:,ii)'+(ones(nc(ii),1)* sc(:,ii)') . . ..
*randn (nc(ii),size(mc,1))];

end

% Z-transform
zz=doTrans(xx);

%
%
Kmax=10;
F=zeros(Kmax,1);
FW=zeros(Kmax,1);
FB=zeros(Kmax,1);
for K=2: Kmax;

% do cluster analysis for K clusters
np=doCluster(zz,K);
%cluster parameters
[cm,cv,kct]=doCentroids(zz,np);
[F(K),FW(K),FB(K)]=doFcrit(zz,np,cm,kct);

end

% find best number of clusters
K=find(F==max(F));
np=doCluster(zz,K);
%
%cluster parameters for original samples
[cm,cv,kct]=doCentroids(xx,np);
% display numbers
[kct;cv;cm]
%

Optimal classification 177



% plot results
figure(1)
plot3(xx(:,1),xx(:,2),xx(:,3),'k.')
grid on
for ii=1:length(cm)
text(cm(1,ii)+0.05,cm(2,ii),cm(3,ii)-2, . . .

sprintf('Class %d',ii),'backgroundcolor','w')
end

cp=[-0.012 -4.18 0.84]*1000;
set(gca,'CameraPosition',cp)
box on
xlabel('Length')
ylabel('Peak Frequency')
zlabel('Bandwidth')

Matlab code for data transformation function
function X=doTrans(xx)
[N,M]=size(xx);
% mean data vector
S=mean(xx);
V=var(xx);
Z=(xx-repmat(S,N,1))./repmat(sqrt(V),N,1);
% data cross-correlation matrix
R=Z'*Z/N;
% eigen analysis
[U,E] = eig(R);
% transformation
X=Z*U*pinv(sqrt(E));
%diag(E)'

Matlab code for cluster analysis function
function np=doCluster(X,K)
%
[N,M]=size(X);
vv=zeros(M,1);
%
np=mod((0:N-1)',K)+1;
%
cv=zeros(1,K);
kct=zeros(1,K);
cm=zeros(M,K);
%
ind=0;
%
for kk=1:K

nn=(np==kk);
kct(kk)=sum(nn);
if kct(kk)>0
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cm(:,kk)=mean(X(nn,:))';
end

end
%
noshift=0;
loop=true;
while loop

for ii=1:N
noshift=noshift+1;
if noshift>N, loop=false; break, end
% get actual cluster
npi=np(ii);
if kct(npi)<=1, continue, end
%
%estimate variance by removing pivot sample
vv1=sum((cm(:,npi)'-X(ii,:)).^2) . . .

*kct(npi)/(kct(npi)-1);

% find cluster with best improvement
vmin=inf;
for jj=1:K

if jj==np(ii), continue, end
%estimate variance by adding pivot sample
vv2=sum((cm(:,jj)'-X(ii,:)).^2) . . .

*kct(jj)/(kct(jj)+1);
if vv2<=vmin

vmin=vv2;
npneu=jj;

end
end

if vmin<vv1
%change cluster
noshift=0;
%
cm(:,npi) = . . .

(kct(npi) *cm(:,npi) -X(ii,:)')/ (kct(npi)-1);
cm(:,npneu)= . . .

(kct(npneu)*cm(:,npneu) +X(ii,:)')/(kct(npneu)+1);
%
np(ii)=npneu;
kct(npi)=kct(npi)-1;
kct(npneu)=kct(npneu)+1;

end
end

end

Matlab code for F-ratio criterion function
function [F, FW,FB]=doFcrit(X,np,cm,kct)
[N,M]=size(X);
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K=max(np);

W=zeros(M);
B=zeros(M);
mcm=mean(cm,2);
vcm=cm-repmat(mcm,1,K);
for kk=1:K

nn=(np==kk);
vx=X(nn,:)-repmat(cm(:,kk)',kct(kk),1);
W=W+vx'*vx;
B=B+kct(kk)*vcm(:,kk)*vcm(:,kk)';

end
FB=sum(diag(B));
FW=sum(diag(W));
F=FB/FW*(N-K)/(K-1);

5.3 Cetacean classification

The implementation of an optimal classifier depends on the definition of the feature
vector. It seems obvious that the components of the feature vector should be selected in
such a way that they support the discrimination capability of the classifier. Useful feature
vectors depend on the application, which is especially the case when we are faced with
cetacean echolocation clicks or dolphin whistles.

5.3.1 Click classification

For a typical click detector we expect the feature vector to contain certain basic informa-
tion: signal length, frequency of spectral peak, spectral bandwidth.

In general, the classification features should describe context-independent character-
istics. For example, although we may easily measure the peak level and the total energy
for each click, both values are not suited as features as they depend on the distance of the
animal from the PAM system. However, the ratio of the two values, maximal signal
power related to integrated energy, could be seen as a measure of the shape of the signal,
which depends no more on the context than the other features. Therefore, we could add
this ratio to the feature vector.

Owing to the formal dependence of the received cetacean sound signal on the overall
geometry, i.e. owing to off-axis distortion and spectral selective transmission loss, the
previously mentioned features will vary slightly and are therefore always moderately
context-dependent. For example, the impact of off-axis distortion of echolocation clicks
is effectively a widening of the feature covariance matrix, especially when the mean
orientation of the animal is random with respect to the hydrophone location. Changes in
relative distances translate into spectrally dependent variations of received sound levels,
which may influence the ability to estimate characteristic signal features. In particular,
increasing transmission loss results in decreasing SNR, which may reach a threshold
below which some features become unreliable.
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Using the individual SNR as a feature within the feature vector to control this dependency
is not an option as there is no class-specific mean value. One way to ensure good feature
estimates is to eliminate from the classification process all detections that have such a low
SNR that the quality of the feature measurements is not sufficient for optimal classification
according to Equation 5.35. This elimination, in principle, could be done during the detection
process. Originally, the detection threshold was determined by the allowed probability of
false alarm.Now,we could consider a new detection threshold, which is the required SNR for
good classification.As this newcriteriondepends on the individual features, the requiredSNR
maynot be estimated as easily as for the false alarmcriterion andmust therefore be determined
empirically.

There are, however, arguments against the use of a high SNR threshold early on in the
detection process, but favour a multi-stage solution. High SNR may only be required for
optimal classification according to Equation 5.35, which classifies every individual
feature vector, but there may be different classification methods that still can handle
parts of the feature vector that are otherwise not suited for the use of Equation 5.35. A
multi-step thresholding would then allow a multi-step classification with different
requirements for the quality of the feature measurements.

Another possibility to deal with SNR dependencies would be to model this dependency,
and to use themodel parameters as feature vectors. For example, if we note that the frequency
of the spectral peak decreases significantly with decreasing SNR, e.g. due to frequency-
dependent transmission loss, then it could be interesting to use the slope of this modelled
tendency as feature. Using descriptive models may generate, however, uncontrollable side
effects, as models are in general only approximations to reality and may introduce biases.

For the moment, we assume that the SNR is good enough to allow classification of the
clicks. We assume further, that we have a sequence of clicks from the same species, e.g.
Cuvier’s beaked whale, as shown in Figure 4.1. As we have not yet constructed a class
description, it is appropriate to apply the cluster algorithm to the detections. The data are
first filtered with a high–lowpass combination to equalize the spectrum as discussed in
Section 4.2.1, and then passed on to the simple click detector as discussed in
Sections 4.1.1 and 4.1.3. For each detected and extracted click we estimate click time
and click length as intensity-weighted mean tC and RMS signal length τC according to

tC ¼
PN
n¼1

tn Pnj j2

PN
n¼1

Pnj j2
(5:76)

and

τC ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
n¼1

tn � tCð Þ2 Pnj j2

PN
n¼1

Pnj j2

vuuuuuut ; (5:77)
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where N is the number of samples extracted for the click, tn is the time and Pn is the
pressure of sample n.

The mean spectral peak frequency fC and RMS bandwidth βC are estimated by

fC ¼
PM=2

m¼1

fm Fmj j2

PM=2

m¼1

Fmj j2
(5:78)

and

βC ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPM=2

m¼1

fm � fCð Þ2 Fmj j2

PM=2

m¼1

Fmj j2

vuuuuuut ; (5:79)

where M is the number of frequency bins of the click spectrum, and fm and Fm are
frequency and spectral value of the m-th spectral bin.

Figure 5.2 shows the results of the cluster algorithm applied to the beaked whale data.
From Figure 5.2 we note that the equalization, as discussed in Section 4.2 and shown in
Figure 4.11, cleaned up the picture significantly and showed fewer detections than

Figure 5.2 Classification of an echolocation click train.

182 5 Classification methods



presented in Figure 4.2. The cluster algorithm found two distinct classes, 10 in class 1 and
4 in class 2. As all clicks are Cuvier’s beaked whale clicks, this division into two classes
could be surprising, but as the class-2 clicks always follow shortly after a class-1 click,
wemay deduce that the class-2 clicks have a different quality even if they are linked to the
class-1 clicks.

In fact, the class-2 clicks are the surface reflections of the class-1 clicks, which are the
direct arrivals of the echolocation clicks at the hydrophone. Sound arriving at the
hydrophone directly from the animal generally precedes sound that is first reflected at
the surface before arriving at the hydrophone. As one might expect that surface reflec-
tions would change the feature description, it should be no surprise that the cluster
algorithm divides the clicks into two classes. The remaining question is only why a
correct classification is not achieved for all surface reflections.

To shed light on this problem, Table 5.1 presents all the features extracted and used for
clustering (marked in bold in Table 5.1, i.e. all columns but the first three) and the
clustering output (far left column, labelled C). One notes that, as expected, the mean
spectral (centre) frequency fC and the frequency of the spectral peak fP are found around
40 kHz, and that they seem to be redundant or correlated information. Inspecting the
feature table, one notes that only the shape feature P2E and the RMS signal length have
bimodal values alternating between smaller and larger values. Removing the redundant
peak frequency feature improves the misclassification somewhat, and only the eighth
click remains in the wrong class.

We are now confronted with the following problem that surface reflections are partly
classified into their own class and partly combinedwith direct arrivals. This is in principle

Table 5.1 Featured vector set and classes

C tC E P2E τC fC βC fP

1 0.108 11.16 −14.58 37.97 35.55 7.22 36.00
2 0.163 8.73 −18.40 232.03 35.92 7.44 34.50
1 0.636 24.70 −14.94 39.67 39.97 5.61 40.50
2 0.692 16.14 −18.53 176.30 38.41 5.91 41.25
1 1.073 12.87 −14.26 32.23 35.07 7.26 34.13
1 1.129 12.08 −16.64 133.98 41.21 7.17 43.50
1 1.511 20.11 −14.13 34.19 37.74 5.38 40.13
1 1.566 5.79 −15.06 81.63 38.45 11.68 44.25
1 1.942 28.08 −14.98 41.64 41.17 6.09 41.25
2 1.998 24.69 −17.73 190.72 38.11 4.90 42.00
1 2.417 21.03 −14.52 41.40 40.12 5.94 42.38
2 2.473 23.35 −17.78 230.94 41.72 7.25 41.63
1 2.885 8.14 −15.84 61.38 40.83 7.58 42.00
1 2.941 8.67 −17.78 110.88 38.07 7.66 34.13

C is the resulting class, tC mean click time [s], E accumulated intensity, P2E ratio peak intensity to accumulated
intensity, τC the RMS signal length [μs], fC the mean spectral frequency [kHz], βC the RMS bandwidth [kHz], and
fP the frequency of the spectral peak [kHz]. The features used for clustering are marked in bold.
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not a surprise, as both signals are coming from the same species and sometimes show
similar features. The close relationship between direct and surface-reflected arrivals
suggests, however, that one should exploit these apparent double clicks as a separate
classification cue, leading to a deep diver classification scheme.

5.3.2 Deep diver classification

When dealing with echolocation clicks of deep divers, e.g. Cuvier’s beaked whales, and
shallow hydrophones, i.e. when the whales are echolocating well below the hydro-
phones, then we are confronted with significant surface reflections, as shown in
Figure 5.2. The delays between direct arrivals and their surface reflections are context-
dependent, that is, they depend on the relative locations of whale and hydrophones. This
is, however, not a serious problem, as the relative geometry between a deep diving whale
and a hydrophone does not vary very much for consecutive clicks, resulting in a very
slowly varying time difference between direct arrival and surface reflection.

Although the time differences between consecutive echolocation clicks exhibit some-
times large variations, as they depend on the animal’s behaviour, which may change
dramatically from one second to another, the relative distance between whale and
hydrophone changes only slowly. For a short period, say of the order of tens of clicks,
the surface delay is nearly constant or varies linearly with time. This slowly varying time
difference may now be considered as a unique classification cue describing the overall
geometry.

In Figure 5.3, a further Cuvier’s beaked whale click sequence was analysed by using
the time delay between direct arrival and surface reflection as the only criterion to classify
and label the echolocation click train. As we are for the moment only interested in
detecting and classifying beaked whales by means of surface reflections, no other
features are added to the feature vector. The data are again equalized as discussed in
Section 4.2.1 before being passed on to the simple click detector discussed in
Sections 4.1.1 and 4.1.3. The click classifier operates in two phases: first it finds the
characteristic delay between direct arrival and surface reflection, and then it assigns the
proper label to the individual clicks of the click sequence.

Typically, finding constant delays of a click trains is the domain of the correlation
function, which peaks at the time delay, but the amount of data to be processed (here 1 s
worth of data already contains 384 000 samples) makes this classical method not
practicable. A simple method that uses the histogram of all possible delays within the
individual detection times is, however, a reasonable alternative.

Given a time sequence of detected clicks tCðnÞ, with n ¼ 1; . . . ;N, we accumulate a
histogram hC by

hCðmÞ ¼ hCðmÞ þ 1 (5:80)

where

m ¼ round a tCðjÞ � tCðiÞð Þð Þ (5:81)

184 5 Classification methods



with i ¼ 1; . . . ;N , j ¼ iþ 1; . . . ;N and a being a constant that is chosen to obtain good
binning of the histogram.

If the click times are given in seconds, then a factor a = 1000 would result in a bin-
width of 1ms, which seems appropriate in most cases. As there are some limits to the
arrival delay of the surface reflections, the processing time may be reduced by limiting
the analysed delay tCðjÞ � tCðiÞ to a maximal value. Based on geometric considerations
we observe that the arrival delay of the surface reflection is maximal when the animal is
exactly below the hydrophone. Knowing the hydrophone depth h, the maximum delay
Dtmax is then estimated as the round trip time of a sound travelling from the hydrophone
to the surface and returning to the hydrophone:

Dtmax ¼ 2
h

c
(5:82)

After finding possible surface reflection delays, we use a simple algorithm
doAllocTrain to label the individual detections as either direct or surface reflected
arrival, or keep them unallocated.

Figure 5.3 shows that the method is suited to pick up the constant arrival delay of the
surface reflection. The well-behaved interval between two consecutive clicks (inter-click
interval, or ICI) indicates that no click pair was missed or erroneously added. Note that,
although there are 11 classified clicks with 11 surface reflection arrival delays, there are
only 10 ICI estimates between these 11 clicks. The timings for the delays follow the

Figure 5.3 Classification of click train by means of surface reflection time delay.
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following notation. Surface reflection delays are plotted at the time of the direct arrival;
ICI is plotted at the time of the next click. For this reason there is no ICI indicated at
0.33 s. As expected, the variation in the ICI is much larger than the observed arrival delay
of the surface reflection.

Matlab code for delay histogram
function [icm,Hc]=doDelayHisto(tcl,dt1,dt2, ac,Hcmin)
%
Hc=zeros(ceil(1.1*ac*dt2),1);
for ii=1:length(tcl)-1

itcl = tcl>tcl(ii)+dt1 & tcl<=tcl(ii)+dt2;
tclj = tcl(itcl);
if ~isempty(tclj)

ind=round(ac*(tclj(:)'-tcl(ii)));
Hc(ind)= Hc(ind)+1;

end
end
%
locmax=1+find(Hc(2:end-1)>Hc(1:end-2) & Hc(2:end-1) >Hc(3:end));
icm=locmax(Hc(locmax)>Hcmin)';

Comments on Matlab code
We declare a histogram vector Hc to be somewhat larger than required for covering
all delays up to a maximal delay dt2. As Hc is defined as a row vector, the operation
tclj(:)' ensures the ind vector is also a row vector. The scale factor ac defines
effectively the bin-width of the histogram. For the present application a histogram
bin width of 1ms was selected by using ac = 1000. We consider potential surface
delays icm as the local maxima in the histogram with more than Hcmin hits.
The proper choice of Hcmin depends on the amount of data, but in general, it will
exceed 2.

Matlab code for double click classification
function inp=doAllocDoubleClick(tcl,pcl,icm,ac, dt2,xdx_min)
%
inp=zeros(length(tcl),3);
%
pcm=0*icm;
for ii=1:length(tcl)-1

%
xdx=inf-0*icm;
ij=0*icm;

for jj=ii+1:length(tcl)
if inp(ii,1)>0, continue,end
tclij=(tcl(jj)-tcl(ii));
if tclij>dt2, break,end
% do we fit to an icm on an ici basis?
dd=abs(ac*tclij-icm);
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[dx,kx]=min(dd);
%
if dx<xdx(kx)

xdx(kx)=dx;
ij(kx)=jj;

end
end
%if best solution is within a predefined limit
kk=find(xdx<xdx_min);
if isempty(kk)

continue
elseif length(kk)==1

kx=kk;
else

[dx,kx]=min(abs(pcl(ii)-pcm));
end
inp(ii,:)=[1+2*(kx-1),ii,ij(kx)];
inp(ij(kx),:)=[2*kx,ii,ij(kx)];
pcm(kx)=pcl(ii);

end

Comments on Matlab code
The algorithm implements a hierarchical classification scheme. Based on time delays, it
first tries to classify by allocating the double clicks. In case of multiple possibilities of
acceptable time delays, we compare the actual signal amplitude with the last measured
values for the different delay classes and choose the one for which we observe the best fit.

5.3.3 Click train classification

So far, we have been fortunate, as the selected datasets contained the detections for only
one individual. Depending on location and species, it may, however, be more likely to
detect multiple animals simultaneously, resulting in an increased number of potential
allocation conflicts. One way to solve allocation difficulties is to ignore the fact that the
detections stem from multiple animals, and to rely on the individual click classification
based on standard feature vectors. Another option is to count the whales and to partition
the whale chorus into well-behaved sequences of echolocation clicks.

To differentiate between different individuals it is convenient to delay the final
classification, allowing a global allocation of multiple clicks to a set of potential click
trains. We are now confronted with the situation that we need a minimum amount of
detections to classify multiple echolocating whales or dolphins of the same species. We
have further to find features within the dataset that are unique to the individuals. If the
animals click at significantly different depths then the arrival delays of the surface
reflection may be consistently different, so that suface delays could be again used to
differentiate individuals.

As mentioned before in Section 2.3.7, sequences of echolocation clicks, or click trains,
are described by the inter-click interval (ICI). The ICI is in general slowly varying within
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short timescales that cover only a few clicks. As the click sequence is driven by the
foraging activity of the individual animal, the instantaneous ICIs of different animals
tend to be different. Another useful measurement is the received level of the click. Again,
this feature is varying in time, but may be significantly different for individuals as the
received sound pressure varies as a function of animal orientation and distance.

Using the ICI for classification is not trivial as the ICI can only be measured if the
multiple clicks are attributed to the same animal, which, strictly speaking, is only known
after classification. One solution to this problem is not to classify only to species level,
but to go one step further and to keep track of individual animals of the same species
(Gerard et al., 2008), that is, we have to build a tracker into our classification scheme. The
received sound level is then a convenient added feature to resolve classification associ-
ation conflicts in case they arise.

Figure 5.4 shows the recording and detections from a scenario in which at least two
sperm whales were found to be present. The data were recorded with a sampling rate of
31.25 kHz, filtered with a 1 – 14 kHz pass-band, and threshold detected with th = 3.5. The
pruning window of the detector was set to 4ms to eliminate multiple detections due to the
multi-pulse structure of the sperm whale clicks. The data were recorded using a towed
array that was deployed at about 80m, a depth that suggests the presence of detectable
surface reflections. The data of only one hydrophone was selected from the array for this
analysis.

The first step is therefore an overall analysis of the data for multiple presences of
delays between detections that may represent surface reflections. Applying the function
doDelayHisto, we consider potential surface delays as the local maxima in the

Figure 5.4 Echolocation click trains of multiple sperm whales.
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histogram with more than Hcmin hits. The proper choice of Hcmin depends on the
amount of data and for the present dataset Hcmin=6was selected, which seems adequate
for a 60 s dataset. The choice of 60 s was driven by the actual file size and is slightly larger
than needed. An analysis window of 20 s was found on other occasions to be adequate for
analysing echolocation click trains.

Having determined the number of different surface reflection delays, we can now
construct the initial set of click trains. We do this by a procedure similar to that for the
Cuvier’s beaked whale case (Figure 5.3) with some additions. The presence of multiple
click trains may result in allocation conflicts, e.g. due to interferences resulting from the
simultaneous detection of different clicks. The majority of these interferences can be
resolved by considering the received sound pressure amplitude of the direct arrival in
addition to the surface delay. For example, in Figure 5.4 we see one click train that is
rather strong with large fluctuations in SNR and one or potentially more additional click
trains that have lower SNR values.

To use the sound pressure amplitude as an additional allocation criterion we could
modify the distance function in the double-click classification routine, but it is again
easier to follow a hierarchical classification scheme and to use sound pressure amplitude
only in cases where allocation conflicts occur. If we consider allocation conflicts as some
sort of procedural error, than the selected approach is comparable with standard error
handling, which detects and removes discrepancies in the results. However, once these
‘errors’ become regular, then instead of being ‘errors’ they should be considered a
deficiency and should result in a modification of the allocation algorithm. Sometimes

Figure 5.5 Initial classifications of multiple sperm whale click trains.
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these allocation conflicts may be a consequence of errors in the data acquisition system
(e.g. buffer over- or under-run) and should be investigated further for this reason also.

Figure 5.5 shows the result of the initial surface delay-based classification. We note two
click trains, a strong one and a weaker one. As one might expect, the number of observed
surface delays is higher for the stronger click train than for the weaker one, indicating that
more detections are missed during the initial classification for the weaker click train.

Improved Matlab code for multiple double-click classification
function inp=doAllocTrain(tcl,pcl,icm,ac,dt2, xdx_min)
inp=doAllocDoubleClick(tcl,pcl,icm,ac,dt2,xdx_min);
%
%check multiple surface delays
for ii=1:length(tcl)

if inp(ii,1)==0, continue, end
if mod(abs(inp(ii,1))-1,2)==0 %have click

j1=inp(ii,2);
j2=inp(ii,3);
if mod(abs(inp(j2,1))-1,2)==0

%have multiple direct
if pcl(j1)>pcl(j2)

n1=j2;
else

n1=j1;
end
inp(n1,:)=[0,0,0];

end
end

end
%
%clean up interlaced classification
for ii=1:length(tcl)-1

if inp(ii,1)==0, continue,end
if mod(abs(inp(ii,1)),2)==0 %have click

j1=inp(ii,2);
j2=inp(ii,3);
for jj=j1+1:j2–1

if abs(inp(ii,1))==abs(inp(jj,1))
%have interlaced detections
if pcl(ii)>pcl(jj)

n1=jj;
n2=inp(jj,2);

else
n1=ii;
n2=inp(ii,2);

end
inp(n1,:)=[0,0,0];
inp(n2,:)=[0,0,0];

end
end

end
end
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Comment on the Matlab code
Two allocation conflicts are handled: multiple clicks for the same surface-reflected arrival
and interlaced allocations for the same click train. In both cases, we eliminate the
allocation with the weakest direct arrival.

After the initial allocation of some clicks to click trains by using surface reflection
delays, we should now allocate the remaining clicks to these initiated click trains. For this
we use both the received level and the inter-click interval.

To be successful we have to make some assumptions about the resulting click trains. It
seems fair to assume that the ICIs before and after a click are similar or have a common
trend, and the same assumption also seems reasonable for the received sound pressure
amplitude. In particular, we assume that three consecutive measurements ynþ1; yn; yn�1

are related by

ynþ1 � ynð Þ ¼ yn � yn�1ð Þ þNð0; σyÞ (5:83)

or

ynþ1 ¼ 2yn � yn�1 þNð0; σyÞ (5:84)

where we assume a normal distributed mismatch Nð0; σÞ, with standard deviation σ.
We use Equation 5.84 to generate two types of prediction formulas, one where we

replace variable y by the received sound pressure P of a detection and another one, where
we use the ICI in lieu of the variable y

Pnþ1 ¼ 2Pn � Pn�1 þNð0; σPÞ (5:85)

ICInþ1 ¼ 2ICIn � ICIn�1 þNð0; σICIÞ (5:86)

As the ICI is the time difference between consecutive click times tC, Equation 5.86 may
also be written as

tCnþ1 ¼ tCn�2 þ 3ICIn þNð0; σICIÞ (5:87)

In cases where we only deal with two measurements, e.g. when initiating a track, then
Equations 5.85 and 5.87 reduce to

Pnþ1 ¼ Pn þNð0; σPÞ (5:88)

tCnþ1 ¼ tCn�1 þ 2ICIn þNð0; σICIÞ (5:89)

In absence of any ICI measurement, that is, where we have only a single click, we
assume a nominal ICI0 to predict the time of the next potential click in the click
train.

tCnþ1 ¼ tCn þ ICI0 þNð0; σICIÞ (5:90)

This nominal ICI0 will be species-dependent and may vary as a function of the behav-
ioural context. A reasonable value is given by the overall ICI expectation: say 1 s for
sperm whale, 0.4 s for beaked whales, 0.2 s for pilot whales, 0.1 s for dolphins.
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To build the click trains we take each un-associated click and compare its time and
sound pressure amplitude with the predictions that are made for each initiated click train.
We select from all click trains the one that minimizes the distance between prediction and
measurement. Again, we use a hierarchical approach and use first the time difference and
then, if there are allocation conflicts, the pressure measurements.

Figure 5.6 shows the result of this automated click-train classification. The imple-
mented algorithm is still elementary and far from complete. The main purpose is to show
the concept of click-train classification and the problems that may arise when dealing
with real data.

In general, Figure 5.6 shows also that ICI and amplitude are reasonable slowly varying
functions for both click trains, especially for high signal-to-noise ratio, and that at low
signal amplitudes, correct classification becomes increasingly difficult.

So far, we only have generated click trains, but what about species classification? This
can be achieved when obtaining descriptive features of a click train (mean ICI, variation
of ICI, click-train length, etc.) and classifying them with standard classification or
clustering methods as discussed in Section 5.2.

Matlab code for click train classification
function inp=doClickTrain(inp,tcl,pcl,icm,cmin)
K=length(icm);
%
in0=0*icm;
in1=0*icm;

Figure 5.6 Automated click-train classifications.
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in2=0*icm;
% % =================================================
for nn=1:10

count=0;
%
for ii=2:length(tcl)

% if we have a free click
if inp(ii,1)==0

dd1k=inf+0*icm;
dd2k=inf+0*icm;
ij=length(tcl);
for kk=1:K

% find next click
for jj=ii+1:length(tcl)

if abs(inp(jj,1))==1+2* (kk-1)
ij=jj;
break

end
end
% check if still space for new click in kk
if in0(kk)>0

if tcl(ij)-tcl(in0 (kk))<1.5
continue

end
end
%
if in2(kk)>0

icin=tcl(in0(kk))-tcl (in1(kk));
if icin<0, icin=1/3; end
ddkx=abs(tcl(ii)-tcl(in2 (kk))-3*(icin));
if ddkx<dd1k(kk), dd1k(kk) =ddkx; end

end
if dd1k(kk)>cmin && in1(kk)>0

icin=tcl(in0(kk))-tcl(in1 (kk));
if icin<0, icin=1/2; end
ddkx=abs(tcl(ii)-tcl(in1 (kk))-2*(icin));
if ddkx<dd1k(kk), dd1k(kk) =ddkx; end

end
if dd1k(kk)>cmin && in0(kk)>0

icin=1;
ddkx=abs(tcl(ii)-tcl (in0(kk))-icin);
if ddkx<dd1k(kk), dd1k (kk)=ddkx; end

end
if in1(kk)>0

dpcl=pcl(in0(kk))-pcl (in1(kk));
dd2k(kk)=abs(pcl(ii)- pcl(in1(kk))-2*dpcl);

elseif in0(kk)>0
dd2k(kk)=abs(pcl(ii)- pcl(in0(kk)));

end
end
% do we have a best allocation?
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[d1x,k1x]=min(dd1k);
[d2x,k2x]=min(dd2k);
if k1x==k2x %have same best allocation

kx=k1x;
if d1x<cmin %have a good click

inp(ii,:)=[1+2*(kx-1), ii,0];
count=count+1;

end
else %have conflicting allocations

% for the moment skip
% [d1x k1x,d2x,k2x pcl(ii) pcl (in0(kk))]

end
end
if mod(abs(inp(ii,1))-1,2)==0, % have marked click

kx=1+floor((abs(inp(ii,1))-1)/ 2);
in2(kx)=in1(kx); % so shift all back
in1(kx)=in0(kx);
in0(kx)=ii;

end
end
if count==0, break,end

end

Comments on the Matlab code
The algorithm implements Equations 5.87, 5.89 and 5.90 for the predicted click time and
Equations 5.85 and 5.88 for the sound pressure amplitude. The case of assignment
conflicts has so far not been implemented; allocation strategies as discussed for whistle
detection could be considered.

5.3.4 Whistle classification

The classification of echolocating species turned out to be complicated, as in addition to
the classical feature vectors, tracking concepts also had to be considered and simple
measurements had to be combined into some sort of superstructure that could be used for
species-level classification. The classification of dolphin whistles is faced with another
type of problem. Whistles are not only species-dependent but complex, and may be
drawn from a wide and varied repertoire with and without stereotyped repetition.
Furthermore, even similar whistles are not replicated exactly the same by an animal,
but show differences in duration and bandwidth, which may vary from detectable but
insignificant to considerable (Buck and Tyack, 1993), making classification difficult.

A quantitative method to describe whistles would take the whistles (e.g. Figure 4.18)
and might try to estimate the salient features of the measured instantaneous frequency
function f(t). Typical parameters are (a) duration, (b) starting frequency, (c) ending
frequency, (d) minimum frequency, (e) maximum frequency, (f) number of local
extremes and (g) presence of harmonics.
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To determine these ‘global’ parameters one needs to extract, or be able to extract, the
complete whistle from the data. This may or may not be possible. In particular, the
presence of multiple whistling animals may result in overlapping whistles that make such
an extraction attempt challenging. In addition, temporary interruption of the whistle trace
due to low signal-to-noise ratio or interferences could result in an incomplete description
of whistles leading to potential misclassification. The presence of unresolved pulsed
sounds (e.g. burst clicks) may be a further confounding factor.

If we accept that complete and clean whistles are the exception in real PAM applica-
tions, then it would be wise to envision an alternative approach that is based on the local
description of whistles instead of a global parameterization. Whistles are in general
described by a time-dependent instantaneous frequency function f(t) . A local description
near time t0 would therefore follow the Taylor’s theorem of arbitrary functions

fðtÞ ¼ fðt0Þ þ df

dt

����
t¼t0

ðt� t0Þ þ d2f

dt2

����
t¼t0

ðt� t0Þ2 þ R2ðtÞ (5:91)

where R2ðtÞ is the residual error made by the approximation of stopping the series
expansion at the quadratic term. If the distance between t and t0 is small enough, then
the residual error R2ðtÞ may be small enough to be ignored, that is, we approximate the
function by a quadratic functions.

Using quadratic functions to describe the local shape of whistles we effectively have to
estimate three parameters, fðt0Þ, dfdt and d2f

dt2
, which describe the reference frequency, slope

Figure 5.7 Tonal sounds of striped dolphins, using the whistle detector described in Section 4.4 (see also
Figures 4.18 and 4.26). Different grey shades distinguish different snippets.
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and curvature of the whistle fragment and which may be obtained by a least mean square
fit of a quadratic polynomial to small fragments of the whistle contours.

Figure 5.7 shows the result of such a whistle detector applied to the data of Figure 4.24
containing only snippets that exceed a minimal length (> 50ms). One notes that some
whistles are broken up into multiple fragments as indicated by different line styles. The
fragment length varies, from the minimum imposed limit of 50ms to a couple of hundred
milliseconds. All fragments of this dataset remain above a frequency of 6 kHz and most
fragments seem to have predominantly downward-oriented slopes, suggesting a skewed
distribution around a negative slope value. Local extremes seem to coincide with the total
excursion of the whistles. Some whistle traces at higher frequencies appear to be second
harmonics of whistle traces at lower frequencies. The presence of two high-frequency
bursts (20 kHz at c. 1 s and c. 5.5 s) should finally be noted.

The direct use of the (mean) slope as feature vector in a statistical classifier seems
promising, allowing differentiation of predominantly up-slope and down-slope whistles.
The same cannot be said for the reference frequency or the curvature of a whistle
fragment. The reference frequencies of different whistle fragments tend to be uniformly
distributed over the whole frequency band that is covered by the whistles. As most
whistles, and not only the present dataset, are expected to have only few sharp local
extremes, and as the curvature effectively measures the radius of these extremes, the
curvature value, or second derivative, of most whistle fragments will be close to zero.

Figure 5.8 shows the statistics of the whistle slopes of Figure 5.7 and confirms that
most whistles of that dataset are downward-oriented.

Figure 5.8 Statistics of whistle slopes of Figure 5.7.
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A promising set of features for a statistical whistle classification is therefore based
mainly on the whistle slope and on overall minimal frequency of the whistles. However,
it is not advisable to derive general feature vectors from a single dataset derived from a
single species. Many more datasets from different species must be analysed with the
same method to make generally valid suggestions on whistle classification methods.
Scanning the literature, the reader will note that whistle classification is a field of active
research with a lot of work still to be done.
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6 Localization and tracking

The capability to localize and track animals in space is an important function of PAM, as
it allows behavioural analysis also by acoustic means. Well-known techniques for passive
range estimation are multi-hydrophone ranging, triangulation, multi-path ranging and beam-
forming. Tracking finally plays an important role if one not only tries to localize acoustically
active cetaceans but also tries to monitor their behaviour. For this, it is necessary to determine
continuously the location of each animal, that is, to track the individuals.

The localization of sound sources requires multiple independent measurements. These
measurements may stem from multiple sensors that cover large areas and are therefore
suited for multi-hydrophone ranging, or are based on qualitatively different measure-
ments, e.g. multi-path time delay and angle of arrival estimation, as used in triangulation
and multi-path ranging.

In general, one can say that for any unknown parameter, e.g. range, depth, bearing, one
needs at least one independent measurement. Multiple measurements, however, may or
may not be independent; depending on the geometry of the hydrophones relative to the
acoustically active object closely spaced hydrophones tend to provide correlated, highly
dependent measurements.

In principle, there are two complementary methods for localization, one based on the
estimation of time delays, and the other based on beam-forming. Time-delay-based
localization uses travel-time delays that occur when different hydrophones are found at
different distances from the sound source, and is commonly used with widely spaced
hydrophones. Time delays may be used directly or first converted into angles to estimate
the direction of arrival of the sound. Beam-forming, on the other hand, is common with
closely spaced hydrophones, where multiple hydrophones are correlated to obtain the
direction of arrival of the sound.

It is important to keep always in mind that reliable localization requires that the
estimated location of the object is in the vicinity of real or virtual hydrophones. Large-
scale extrapolation, while mathematically possible, should be avoided because local-
ization errors may increase significantly.

6.1 Multi-hydrophone ranging

Multi-hydrophone ranging uses multiple hydrophones to locate the acoustically active
animal. Based on differences in sound arrival times, it is a long-established method
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both in underwater and in terrestrial applications (e.g. Spiesberger and Fristrup, 1990;

Spiesberger, 1999; McGregor et al., 1997) and very similar to modern GPS-based

navigation systems.
Given a set of hydrophones hi; i ¼ 1; � � �M at positions ðxi; yi; ziÞ and a whale at the

position ðxw; yw; zwÞ then the distances Rwi between the whale and the hydrophones are

given by a set of M equations

Rwi
2 ¼ ðxi � xwÞ2 þ ðyi � ywÞ2 þ zi � zwð Þ2 (6:1)

To avoid large-scale extrapolation, we assume that the whale distances are of the same

order of magnitude as the inter-hydrophone distances.
We note that to obtain the position of the whale we have to estimate three variables,

that is, we need at least three equations to solve for the three unknowns if we assume that

the hydrophone positions are known. We cannot measure directly the individual ranges

Ri, otherwise there would be no need for range estimation, but we can measure the travel

time required by the sound to travel from one hydrophone to the others. That is, we may

replace the individual ranges by Ri ¼ R0 þ δRi, where R0 is the now unknown range to

the reference hydrophone h0 and δRi is the estimated acoustic distance between hydro-

phone hi and the reference hydrophone h0. The measured acoustic distance δRi is related

to a travel time difference of the sound δTi by δRi ¼ cδTi, where c is the effective sound

speed between the two hydrophones.

Expanding Equation 6.1 for the reference hydrophone, we obtain

R0
2 ¼ x0

2 � 2x0xw þ xw
2

þ y0
2 � 2y0yw þ yw

2

þ z0
2 � 2z0zw þ zw

2

(6:2)

and for all other hydrophones

R0
2þ2R0ðδRiÞ þ ðδRiÞ2
¼ xi

2 � 2xixw þ xw
2

þ yi
2 � 2yiyw þ yw

2

þ zi
2 � 2zizw þ zw

2

(6:3)

Subtracting Equation 6.2 from Equation 6.3, we remove all quadratic terms of the

unknowns and obtain

2R0ðδRiÞ þ ðδRiÞ2
¼ xi

2 � x0
2 � 2ðxi � x0Þxw

þ yi
2 � y0

2 � 2ðyi � y0Þyw
þ zi

2 � z0
2 � 2ðzi � z0Þzw

(6:4)

We now have 4 unknowns R0; xw; yw; zw, and using 5 hydrophones we may form 4

equations to obtain a unique solution by solving the following set of linear equations
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ðx12 � x0
2Þ þ ðy12 � y0

2Þ þ ðz12 � z0
2Þ � ðδR1Þ2

ðx22 � x0
2Þ þ ðy22 � y0

2Þ þ ðz22 � z0
2Þ � ðδR2Þ2

ðx32 � x0
2Þ þ ðy32 � y0

2Þ þ ðz32 � z0
2Þ � ðδR3Þ2

ðx42 � x0
2Þ þ ðy42 � y0

2Þ þ ðz42 � z0
2Þ � ðδR4Þ2

0
BBBB@

1
CCCCA

¼ 2

δR1 ðx1 � x0Þ ðy1 � y0Þ ðz1 � z0Þ
δR2 ðx2 � x0Þ ðy2 � y0Þ ðz2 � z0Þ
δR3 ðx3 � x0Þ ðy3 � y0Þ ðz3 � z0Þ
δR4 ðx4 � x0Þ ðy4 � y0Þ ðz4 � z0Þ

0
BBB@

1
CCCA

R0

xw

yw

zw

0
BBB@

1
CCCA

(6:5)

This set of equations is of the form

b ¼ Ax (6:6)

which can easily be solved by standard algebra, i.e.

x ¼ A�1b (6:7)

We note that in order to solve the general localization problem with Equation 6.7 we need
at least five hydrophones. If there are more hydrophones available, the problem is over-
determined and suited for a least-mean-square (LMS) solution:

x ¼ ATA
	 
�1

ATb (6:8)

Using a LMS solution improves the reliability of the solution, as small errors in measur-
ing the time delays are reduced further.

The matrix inversion indicated above requires that the matrix is not singular or ill-
conditioned, that is, the determinant of the matrix should not be close to zero. In
particular, it is important that not all sensors are at the same depth, otherwise the last
column of matrix a will become identical and zero. More generally, no column of matrix
a should be zero, that is, the five hydrophones should form a strict volumetric array.

In the case that all sensors are at the same depth, the above equation cannot be used to
estimate directly the whale depth zw and the set of equations reduces to

ðx12 � x0
2Þ þ ðy12 � y0

2Þ � ðδR1Þ2
ðx22 � x0

2Þ þ ðy22 � y0
2Þ � ðδR2Þ2

ðx32 � x0
2Þ þ ðy32 � y0

2Þ � ðδR3Þ2

0
B@

1
CA

¼ 2

δR1 ðx1 � x0Þ ðy1 � y0Þ
δR2 ðx2 � x0Þ ðy2 � y0Þ
δR3 ðx3 � x0Þ ðy3 � y0Þ

0
B@

1
CA

R0

xw

yw

0
B@

1
CA

(6:9)

where we conveniently reduced the number of necessary hydrophones to 4.
We finally estimate the whale depth zw by

zw ¼ z0 �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R2

0 � ðxw � x0Þ2 � ðyw � y0Þ2
q

(6:10)
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As is to be expected, the whale depth may be found either above or below the depths of
the hydrophones and the solution is therefore not unique. In cases where the hydrophone
array is close to the bottom or to the surface, one of the two solutions is not realistic and
the procedure results in a de facto unique solution.

Although the approach described in Equation 6.5 is well suited for five or more
hydrophones because it is mathematically easily implemented, the question arises, why
we need four delays to estimate the position of the whale, which is completely deter-
mined by three unknown parameters, as R0 is not an independent variable and may be
estimated by using ðxw; yw; zwÞ and ðx0; y0; z0Þ.

Having four hydrophones with at least one at a different depth, one may obtain another
solution than given by Equation 6.5 by not solving for R0, that is, by writing the three
equations that use hydrophones h0 – h3 as

ðx12 � x0
2Þ þ ðy12 � y0

2Þ þ ðz12 � z0
2Þ � ðδR1Þ2

ðx22 � x0
2Þ þ ðy22 � y0

2Þ þ ðz22 � z0
2Þ � ðδR2Þ2

ðx32 � x0
2Þ þ ðy32 � y0

2Þ þ ðz32 � z0
2Þ � ðδR3Þ2

0
B@

1
CA� 2

δR1

δR2

δR3

0
B@

1
CAR0

¼ 2

ðx1 � x0Þ ðy1 � y0Þ ðz1 � z0Þ
ðx2 � x0Þ ðy2 � y0Þ ðz2 � z0Þ
ðx3 � x0Þ ðy3 � y0Þ ðz3 � z0Þ

0
B@

1
CA

xw

yw

zw

0
B@

1
CA

(6:11)

which may be written in vector notation as

b0 � b1R0 ¼ Auw (6:12)

where

b0 ¼
ðx12 � x0

2Þ þ ðy12 � y0
2Þ þ ðz12 � z0

2Þ � ðδR1Þ2
ðx22 � x0

2Þ þ ðy22 � y0
2Þ þ ðz22 � z0

2Þ � ðδR2Þ2
ðx32 � x0

2Þ þ ðy32 � y0
2Þ þ ðz32 � z0

2Þ � ðδR3Þ2

0
@

1
A (6:13)

b1 ¼ 2
δR1

δR2

δR3

0
@

1
A (6:14)

A ¼ 2
ðx1 � x0Þ ðy1 � y0Þ ðz1 � z0Þ
ðx2 � x0Þ ðy2 � y0Þ ðz2 � z0Þ
ðx3 � x0Þ ðy3 � y0Þ ðz3 � z0Þ

0
@

1
A (6:15)

and uw is the vector describing the whale position.
Using u0 ¼ A�1b0 and u1 ¼ A�1b1, then the solution to Equation 6.12 becomes a

linear function of reference range R0, which remains an unknown parameter

uw ¼ u0 � u1R0 (6:16)

Recalling, however, that the range R0 is also determined by

R0
2 ¼ ðuw � h0ÞTðuw � h0Þ (6:17)
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where h0 is the location of the reference hydrophone, we obtain with Equation 6.16

R0
2 ¼ ðu0 � h0 � u1R0ÞTðu0 � h0 � u1R0Þ (6:18)

which after some rearrangements becomes a quadratic equation in R0

R0
2 1� u1

Tu1
	 
þ 2ðu0 � h0ÞTu1R0 � ðu0 � h0ÞTðu0 � h0Þ ¼ 0 (6:19)

having the solution

R0 ¼ �b� ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
b2 þ ac

p

a
(6:20)

with

a ¼ 1� u1
Tu1

	 

(6:21)

b ¼ ðu0 � h0ÞTu1 (6:22)

c ¼ ðu0 � h0ÞTðu0 � h0Þ (6:23)

The plus and minus signs in Equation 6.20 indicate that the solution is not always unique,
but for a40 the ambiguity is resolved, as only the plus sign gives positive ranges.

Estimating the range with four hydrophones, one always obtains two solutions
(Equation 6.20) and only for a limited subset of whale locations may these two solutions
be reduced, resulting in the correct location of the whale. It is therefore advisable always
to use five hydrophones and to apply Equation 6.8 for unique whale ranging.
Alternatively, if there is external information, or if the range estimation is part of an
integral tracking effort where the whale moves from an unambiguous to an ambiguous
region, then the potential range ambiguity of Equation 6.20 may not be an issue any
more.

For u0 ¼ h0 the range R0 is undefined, as Equation 6.19 reduces to R0
2 1�ð

u1
Tu1Þ ¼ 0, indicating that either R0 is zero or 1� u1

Tu1ð Þ ¼ 0 for all ranges R0. It
follows then that for u0 ¼ h0 the vector u1 becomes the unit vector pointing from the
reference hydrophone to the whale, that is: u1Tu1 ¼ 1.

For 1� u1
Tu1ð Þ ¼ 0 and u0 6¼ h0 the quadratic equation (Equation 6.19) becomes

formally a linear equation with the solution

R0 ¼ ðu0 � h0ÞTðu0 � h0Þ
2ðu0 � h0ÞTu1

(6:24)

Matlab code to test multi-hydrophone ranging
%Scr6_1
% Geometry
h0=[0,0,0.5]';
h1=[2,0,0.5]';
h2=[0,2,0.5]';
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h3=[0,0,-0.5]';
%
% Simulation
% whale position
w=[1,5,1]';
% true acoustic distances
R0=sqrt((w-h0)'*(w-h0));
R1=sqrt((w-h1)'*(w-h1));
R2=sqrt((w-h2)'*(w-h2));
R3=sqrt((w-h3)'*(w-h3));
%
% true acoustic differences
dR1=R1-R0;
dR2=R2-R0;
dR3=R3-R0;
%
Rs=R0; %only to compare the result
%
%Range estimation ---------------------
%
A=2*[(h1-h0)'

(h2-h0)'
(h3-h0)'];

%
Ainv=inv(A);
b0=[h1'*h1-dR1.^2;

h2'*h2-dR2.^2;
h3'*h3-dR3.^2]-h0'*h0;

%
b1=2*[dR1;dR2;dR3];
x0=Ainv*b0;
x1=Ainv*b1;
%
rr1=-(x0-h0)'*x1;
rr2=rr1*rr1+(1-x1'*x1)*(x0-h0)'*(x0-h0);
rr3=(1-x1'*x1);
R0=(rr1+sqrt(rr2))/rr3;
fprintf('%f %f\n',R0,R0-Rs)

6.2 Triangulation

A classical approach to estimate the range of a sound source by passive methods is
triangulation, where one measures from different positions the directions to the sound
source and estimates the location where these directions cross (Figure 6.1).

Given two hydrophone positions h1, h2 and two measured sound directions described
by bearing γ1, γ2, and elevation angle β1, β2, then each sound vector may be expressed as

wi ¼ hi þmiRi (6:25)
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where

hi ¼
xi
yi
zi

0
@

1
A (6:26)

and the direction mi is given by

mi ¼
sin γi cos βi
cos γi cos βi

sin βi

0
@

1
A (6:27)

The intersection of the two vectors defines the whale position. In particular, we have

h2 � h1 þ
sin γ2 cos β2
cos γ2 cos β2

sin β2

0
@

1
AR2 �

sin γ1 cos β1
cos γ1 cos β1

sin β1

0
@

1
AR1 ¼ 0 (6:28)

and by multiplying the equation appropriately for the x and y components we obtain

ðx2 � x1Þ cos γ1
ðy2 � y1Þ sin γ1

� �

þ cos γ1 sin γ2 cos β2
sin γ1 cos γ2 cos β2

� �
R2 �

cos γ1 sin γ1 cos β1
sin γ1 cos γ1 cos β1

� �
R1 ¼ 0

(6:29)

After subtracting the two equations we eliminate the coefficient of R1 and obtain the
range estimate R2

R2 ¼ ðx2 � x1Þ cos γ1 � ðy2 � y1Þ sin γ1
sinðγ1 � γ2Þ cos β2

(6:30)

The whale position is then estimated by using one of the original vector equations

w ¼ h2 þm2R2 (6:31)

Here we estimated the whale position as seen from the second sensor. In theory the same
solution should be found by solving for R1. In practice, one will realize that this
alternative approach may lead to slightly different whale locations. This is mainly due

γ
2

γ
1

h2h1

Figure 6.1 Triangulation with two vectors (presented in horizontal plane).
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to slightly inconsistent estimation of the 3-D directions (Equation 6.27). Consequently, it
seems better to estimate the range by using only the horizontal components of the
direction vectors to ensure the existence of a solution, and also because two directional
vectors that are based on real measurements might not cross in a three-dimensional space.
The method is mathematically safe, as long there is a significant horizontal component in
the direction from one hydrophone to the whale. If the whale is nearly above or below one
hydrophone, then one could use the other hydrophone as the reference point for the
triangulation.

The above approach assumes that the whale is stationary while the two directions are
estimated. This is always the case when the measurements are made with an array of
distributed hydrophones. However, in cases where a single moving direction finder
makes its measurements at different times, this technique could still be useful if the
speed of the sensor is significantly faster than the speed of the whale, that is, the whale
could be considered as nearly stationary.

The triangulation requires the PAM system to be able to measure the angles describing
the direction from where the sound is coming. This may be done either with directional
hydrophones or with closely spaced multiple hydrophones, as we will see later in this
chapter.

6.3 Multi-path ranging

Multi-hydrophone ranging requires an increased number of hydrophones covering the
area of interest. Such configurations are expensive to implement and therefore rare, even
though they do exist, especially in the context of military test ranges. As an alternative,
multi-path ranging tries to exploit the complexity of underwater sound propagation to
localize the origin of the sound emission.

Figure 6.2 sketches the principle behind multi-path ranging. It indicates on the left
a hydrophone at depth h and on the right we have the sound source at depth d. The
horizontal distance between hydrophone and sound source is denoted as x, and the
bottom depth is b. The depth values are all negative numbers to allow a right-handed
co-ordinate system, where the z-axis is upward. The dotted lines are the unfolded
reflected sound paths, where Rx indicates the length of the sound path, R0 direct arrival,
RS surface-reflected sound path, RB bottom-reflected sound path, RBS bottom–surface-
reflected sound path, and RSB surface–bottom-reflected sound path.

In Figure 6.2, all acoustic sound paths are presented as reflected and as unfolded paths.
The unfolding is especially useful, as it not only helps to develop the different path length
formulas, but also explains the basic geometric concept behind this multi-path ranging. It
should be clear from Figure 6.2 that all reflected sound paths may be treated as recordings
by an array of virtual hydrophones that are found exactly above or below the real
hydrophone. In other words, the multiple arrivals on the real hydrophone are assumed
to arrive at exactly the same times as they would arrive on the constructed vertical array.
This approach holds only if the sound propagation is strictly radial, i.e. for spherical
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waves and therefore constant sound speed and when the sea boundaries are parallel and
flat.

As multi-path ranging is equivalent to the use of a vertical array, it also suffers from the
drawback of vertical arrays, namely that it provides a rotationally ambiguous solution,
i.e. pure multi-path ranging provides the range and depth of the sound source but not the
horizontal direction or bearing.

Using straightforward geometry, we obtain a set of equations

R0
2 ¼ x2 þ h� dð Þ2 (6:32)

RS
2 ¼ x2 þ hþ dð Þ2 (6:33)

RB
2 ¼ x2 þ ðb� dÞ þ ðb� dÞð Þ2¼ x2 þ 2b� ðhþ dÞð Þ2 (6:34)

RBS
2 ¼ x2 þ ðb� dÞ þ bþ hð Þ2¼ x2 þ 2bþ ðh� dÞð Þ2 (6:35)

RSB
2 ¼ x2 þ dþ bþ ðb� hÞð Þ2¼ x2 þ 2b� ðh� dÞð Þ2 (6:36)

RBS

RS

R0

h

x

d
b

S

B

B

B

S

RB

RSB

Figure 6.2 Multi-path geometry. Thick horizontal dashed line, sea surface; thick horizontal solid line, bottom;
thin horizontal dashed and solid lines, reflected sea surfaces and bottoms.
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We could continue to add more reflection; for example, for surface–bottom–surface
reflection sound paths we obtain

RSBS
2 ¼ x2 þ 2bþ ðhþ dÞð Þ2 (6:37)

Forming differences between different range estimates, we have

RS
2 � R0

2 ¼ 4hd (6:38)

RB
2 � RS

2 ¼ 4b2 � 4bðhþ dÞ
¼ 4b b� ðhþ dÞð Þ (6:39)

RB
2 � R0

2 ¼ 4b2 � 4bðhþ dÞ þ 4hd

¼ 4ðb� dÞðb� hÞ (6:40)

Obviously there is a variety of other ‘natural’ differences

RBS
2 � RSB

2 ¼ 8bðh� dÞ (6:41)

RSBS
2 � RB

2 ¼ 8bðhþ dÞ (6:42)

RBS
2 � RB

2 ¼ 4bðh� dÞ þ 4bðhþ dÞ � 4hd

¼ 8bh� 4hd
(6:43)

RSB
2 � RB

2 ¼� 4bðh� dÞ þ 4bðhþ dÞ � 4hd

¼ 8bd� 4hd
(6:44)

All these differences may be considered independent measurements and suited for
estimating range and depth of the sound source.

6.3.1 Sound source range estimation

Combining equations for direct and surface reflected paths, that is, after having measured
the arrival path difference δRS 0 or equivalently the time delay between the direct and the
surface reflected sound path, Equation 6.38 yields

2ðδRS 0ÞR0 þ ðδRS 0Þ2 ¼ 4hd (6:45)

and the slant range R0 becomes

R0 ¼ 4hd� ðδRS 0Þ2
2ðδRS 0Þ (6:46)

This solution requires the whale depth d to be known. Otherwise, the slant range R0

results, for a given time delay, in a linear function of the animal’s depth.

Multi-path ranging 207



6.3.2 Sound source depth estimation

To estimate both the slant range R0 and the depth d of the animal, we have to use another
dataset. A next natural candidate is based on the bottom reflection, in particular

RB
2 � R0

2 ¼ 4ðb� dÞðb� hÞ
For two unknowns R0 and d we have now two equations

2ðδRS 0ÞR0 þ ðδRS 0Þ2 ¼ 4hd

2ðδRB 0ÞR0 þ ðδRB 0Þ2 ¼ 4ðb� dÞðb� hÞ
(6:47)

which in matrix notation becomes

2
2h �δRS 0

2ðb� hÞ �δRB 0

� �
d
R0

� �
¼ ðδRS 0Þ2

4bðb� hÞ þ ðδRB 0Þ2
� �

(6:48)

and which may be solved in classical way for both the slant range R0 and the whale
depth d.

This solution requires bottom depth b to be known. This information may be obtained
from nautical charts, or be measured in situ with an echo-sounder. To estimate bottom
depth also from the data we need a further equation, that is, additional reflection delay
measurements. For example, one could select the following three linear equations, which
exhibit no cross terms in the unknowns d and b:

RS
2 � R0

2 ¼ 4hd (6:49)

RBS
2 � RSB

2 þ RSBS
2 � RB

2 ¼ 16bh (6:50)

RBS
2 � RB

2 ¼ 8bh� 4hd (6:51)

which after some manipulations are written in matrix notation

2

2h 0 �δRS 0

0 8h �δRBS SB � δRSBS B

�2h 4h �δRBS B

0
B@

1
CA

d

b

R0

0
B@

1
CA ¼

ðδRS 0Þ2
ðδRBS SBÞ δRBS SB þ 2δRSB 0½ � þ ðδRSBS BÞ δRSBS B þ 2δRB 0½ �

ðδRBS BÞ δRBS B þ 2δRB 0½ �

0
B@

1
CA

(6:52)

This set of linear equations may again be solved by standard methods. Equation 6.52
requires six different delay measurements, which may be available on only a few
occasions, limiting its usefulness somewhat.

Multi-path ranging requires (a) the existence and (b) the identification of the individual
sound arrivals. As multi-paths are primarily due to reflections of the sound on the
boundary (sea surface and sea bottom), the existence of detectable multi-path arrivals
depends heavily on the overall geometry. Significant reflections are to be expected if the
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sound energy of the reflected sound arrivals is comparable to the sound energy of the
direct sound arrivals. For omni-directional sound emissions, this may happen if the sound
source is in the vicinity of a sea boundary. For directional sounds, e.g. echolocation
clicks, where the sound energy is focused in one direction, reflections occur regularly if
the animal is oriented to the receiver and at the same time is pointing the sound beam
towards the boundary, sea surface or bottom. Identification of multiple sea-boundary
reflections are, in general, difficult but are facilitated by additional knowledge. A deep-
diving whale that is known to forage close to the bottom is expected to generate early
bottom reflections, especially when the distance to the bottom is less than the depth of the
hydrophone. Sounds that are typically generated close to the surface result in early
surface reflections. In principle, it should be possible to differentiate the first surface
reflection from the first bottom reflection, because the former is characterized by a 180°
phase shift of the signal due to reflection on a water–air interface, as discussed in
Section 1.4.2. The correct identification of higher-order reflections, however, may
become very difficult and may require additional information that, for example, could
come from modelling of animal behaviour.

6.3.3 Sound source depth estimation using angle of arrival

An alternative method for estimating the depth dwithout using additional reflections is to
measure the elevation angle of the direct arrival (Figure 6.3).

Given the elevation angle #0 of the direct path, implicitly defined by

d� hð Þ ¼ R0 sin#0 (6:53)

and using Equation 6.45, one obtains two linear equations in d and R0

d� h ¼ R0 sin# (6:54)

2ðδRS 0ÞR0 þ ðδRS 0Þ2 ¼ 4hd (6:55)

that is, we have the following set of linear equations

1 � sin#0

4h �2ðδRS 0Þ
� �

d
R0

� �
¼ h

ðδRS 0Þ2
� �

(6:56)

ϑ0

h
d

b

S

B

(d – h) = R0 sin ϑ0

x = R0 cos ϑ0

R0

Figure 6.3 Geometry and definition of elevation angle #, which in this figure is negative.
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which may be solved by standard methods. One surface delay and one angle measure-
ment allow complete localization of the sound source, even without knowledge of the
bottom depth, making this approach a favourite for multi-path ranging.

6.3.4 Sound source depth estimation using only angles of arrival

Instead of the range difference of surface-reflected and direct sound paths, we could also
use the two elevation angles.

From Figure 6.4 we conclude

ðd� hÞ ¼ Rx tan#0 (6:57)

ðdþ hÞ ¼ Rx tan#S (6:58)

or

1� tan#0

1� tan#S

� �
d
Rx

� �
¼ h

1
�1

� �
(6:59)

which may be solved by standard methods. This approach requires the capability to
estimate the arrival angle of both the direct and the surface-reflected paths; this should be
possible, as the surface-reflected path is trailing the direct arrival and the signal appears
phase-reversed.

6.4 Ranging by acoustic modelling

Multi-path ranging as described in Section 6.3 may suffer from two assumptions: that the
sound speed is constant so that sound propagates along straight lines; and that the
different sound arrivals are easily identified. Model-based ranging relaxes these require-
ments and obtains the whale’s location in a different way.

ϑo ϑS

h

h

Rs d

b

S

B

(d – h) = R0 sin ϑ0

(d + h) = RS sin ϑS

x = R0 cos ϑ0

x = RS cos ϑS

R0

Figure 6.4 Geometry and definition of the arrival angles of direct and surface-reflected sound paths.
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Model-based ranging techniques assume a whale’s location and predict the different
sound path differences one should measure for that particular geometry. The predicted

measurements are then compared with the actual measurements and the prediction–
measurement mismatch is used to build an ambiguity surface showing the most likely

whale location by repeating the procedure for multiple hypothetical whale locations. The

most likely whale location is the one where the mismatch between modelled and
measured sound field is minimal.

To estimate whale location by acoustic modelling one uses standard acoustic models to
predict the arrival times. A suitable acoustic model is Bellhop, the propagation loss

model presented earlier in Section 3.3.1. It predicts the travel times for multiple acoustic

sound paths and can account for depth-dependent sound speed profiles and range-
dependent bathymetry.

The use of acoustic models to predict the temporal distribution of arriving sound
energy is especially important for extended distances, where sound paths are in general

refracted and only few true reflected sound paths may be identified.
Compared with the ranging methods presented so far, the model-based ranging may

improve the solution by adding more information. A potential difficulty is the interpre-

tation of a complex solution space, the ambiguity surface, to determine the true location
of the animal, especially in connection with uncertain knowledge of the environmental

input parameters needed for acoustic modelling. So far, whale ranging based on acoustic
models is still in its infancy and requires the participation of acoustic modelling experts

(e.g. Baggeroer et al., 1988, 1993; Tiemann, 2008; Tiemann and Porter, 2003; Tiemann

et al., 2006; Thode et al., 2000).

6.5 Measurement of arrival time difference

So far, we have only stated that we need a measurement of the arrival time difference

between two hydrophones. One method to determine this difference is to measure

precisely the times at which the same click arrives at the two hydrophones and to
calculate the difference. A similar approach was used in Section 5.3.2 to determine the

delay between the direct and surface-reflected arrival of echolocation clicks. This method
is suitable if the signals are strong enough to be detected easily and to allow a common

definition of the arrival time, whether this is the onset of the signal or the time at which the

signal amplitude becomes maximal.
Another method to determine the arrival time difference cross-correlates the received

sounds of the two hydrophones and determines the relative delay by finding the lag time
where the cross-correlation becomes maximal. The cross-correlation function is given by

the integral

CðτÞ ¼
Z∞
�∞

s0ðtÞs1ðtþ τÞdt (6:60)
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where s0 and s1 denote the time series of hydrophone h0 and h1, respectively, and τ is the
variable lag time between the two time series. C(τ) becomes maximal only if τ corre-
sponds to the delay between signals s1 and s0.

Time delay estimation by means of cross-correlation works best if the signals have
distinctive temporal or spectral features. These features may be sharp onset of the signal
or significant amplitude modulation, but also strong non-linear frequency modulation.
The similarity of Equation 6.60 to the matched filter (Equation 4.22) emphasizes that
a high time–bandwidth product may be very useful to overcome noise-induced
uncertainties.

Cross-correlation for time delay estimation may be very time-consuming, as without
a priori information on the expected delay, Equation 6.60 has to be evaluated for all
possible delays, the number of which depends on the sampling frequency and the
distance between the hydrophone pair. This may be a problem for very high sampling
frequency and very widely spaced hydrophones. If we take, for example, a sampling rate
of 500 kHz to cover all possible cetacean sounds and use a towed array with two
hydrophones spaced at, say 15m, then the maximum travel time between the two
hydrophones is 10 ms ( 15 [m] / 1500 [m/s] ). The amount of possible delays is 5000
(500 [kHz] × 10 [ms]). Considering that the delays may be positive or negative, the
number of delays increases to 10 000. This may be too much processing, even for the
shortest click of, say, 25 μs duration, which is equivalent to a sampled signal length of
125 samples. For typical signals of, say, 1 ms to 1 s, the computational effort may be
prohibitive.

Fortunately, a brute force cross-correlation generating all possible lag times is not
always necessary, especially if the cross-correlation is considered as a refinement in a
multi-step direction finding process. One could first determine the approximate delay by
forming the time differences of individual detections, and in a second step use the cross-
correlation to refine the delay estimate. This would significantly decrease the computa-
tional effort.

When determining the time delay in the presence of multiple clicks one may experi-
ence some complication if the expected time delay between two hydrophones is greater
than the ICI of an echolocation click train. Fortunately, the ICI is never really constant,
allowing a rough synchronization by matching the variations in the ICI for both hydro-
phone measurements.

6.6 Direction finding

The simplest method of finding the direction from which the sound is coming is to use a
pair of hydrophones. Depending on the hydrophone separation and the distance of the
sound source, we may obtain slightly different formulas for the estimation of the
direction of arrival.

Given two hydrophones, which are receiving sound from a distant sound source as
shown in Figure 6.5, then standard geometry yields:

R1
2 ¼ R0

2 þ L2 þ 2R0L cos β (6:61)
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If we denote the sound path difference δR1 0 ¼ R1 � R0 then we obtain for the arrival
angle β at hydrophone h0

cos β ¼ δR1 0

L
þ L2 � ðδR1 0Þ2

2R0L
(6:62)

which for very large ranges, i.e. R0 ! ∞ and using the relation between sound path
difference and travel time difference δR1 0 ¼ cδτ1 0 becomes:

cos β ¼ cδτ1 0

L
(6:63)

For distant sound sources, two closely spaced hydrophones are sufficient to estimate the
direction from which the sound arrives.

One may also note from Figure 6.5 that there is a rotational symmetry and one would
obtain the same arrival angle β if the whole figure were flipped to the right. It should be
further obvious thatR0 ! ∞ is equivalent to the assumption that the sound arrival angles
become the same for both hydrophones, i.e. the sound may be described as a plane wave.

6.7 Three-dimensional direction finding

To eliminate all potential directional ambiguities, we need a three-dimensional direction
finder. Such a device may be constructed with four hydrophones in a three-dimensional
or volumetric configuration. Figure 6.6 shows a volumetric array where the four hydro-
phones are arranged as a tetrahedron, providing the smallest possible volumetric array.

In Section 6.1, we noted that four hydrophones are in general not sufficient to localize
unambiguously a sound source, but the number is sufficient to estimate the direction to a
distant sound source. Similarly to the derivation of Equation 6.63, we assume that the
volumetric array is small enough to justify a plane wave assumption, that is, the direction
vector to the sound source is equal for all four hydrophones.

Given four hydrophones

hi ¼
hix
hiy
hiz

0
@

1
A i ¼ 0; � � � ; 3 (6:64)

we use three pairs of hydrophones to construct three hydrophone baseline vectors

R0

h0

h1

β
R1

L

S

Figure 6.5 Estimation of sound arrival angle. (S is the sound source and h1, h2 denote the two hydrophones.
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di ¼ hi � h0; i ¼ 1; � � � ; 3
Further, we define the distance between two hydrophones Li ¼ dij j.

To form a volumetric array we assume that the three baseline vectors are not collinear,
that is, the absolute value of the dot product between two of the three vectors is not one,
and the three vectors di may therefore be used to form a co-ordinate system.

The angle #i between a direction (unit) vector ŝ and the three hydrophone pairs is
implicitly defined by

L1 cos#1 ¼d1
Tŝ

L2 cos#2 ¼d2
Tŝ

L3 cos#3 ¼d3
Tŝ

(6:65)

or in matrix notation

L1 cos#1

L2 cos#2

L3 cos#3

0
@

1
A ¼

d1x d1y d1z
d2x d2y d2z
d3x d3y d3z

0
@

1
A sx

sy
sz

0
@

1
A (6:66)

Using Equation 6.63, we may replace the individual components of Equation 6.65 by

Li cos#i ¼ cδτi 0 (6:67)

and Equation 6.66 becomes in matrix notation

Figure 6.6 Compact three-dimensional hydrophone array in tetrahedral configuration.
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cðδτÞ ¼ DTŝ (6:68)

where

δτ ¼
δτ1 0

δτ2 0

δτ3 0

0
@

1
A; di ¼

dix
diy
diz

0
@

1
A;DT ¼

d1
T

d2
T

d3
T

0
@

1
A (6:69)

To be more general, we allow now an arbitrary rotation of hydrophone vectors, that is, the

actual orientation of the hydrophone vectors dimay be derived from a default orientation

d0i according to

di ¼ Md0i (6:70)

which in matrix notation becomes

D ¼ MD0 (6:71)

then we obtain by transposing properly the matrix product

cðδτÞ ¼ DT
0M

T
	 
̂

s (6:72)

The sound direction is now estimated by standard algebra

ŝ ¼ c DT
0M

T
	 
�1ðδτÞ (6:73)

and azimuth ’ and elevation # of the sound direction are finally estimated by solving

tan’ ¼ sy

sx
(6:74)

and

sin# ¼ sz (6:75)

or alternatively

tan# ¼ szffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
sx2 þ sy2

p (6:76)

6.7.1 Rotation matrix

The inclusion of the rotation of the volumetric array into the three-dimensional direction

finding technique allows the use of arbitrarily oriented volumetric arrays within a stand-

ard geographic reference system, where we define three fundamental rotations

(Figure 6.7).

Tα: rotate around x-axis so that y-axis moves towards z-axis (roll)
Tβ: rotate around y-axis so that z-axis moves towards x-axis (−pitch)
Tγ: rotate around z-axis so that x-axis moves towards y-axis (90° − heading)
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A transformation from the (x, y, z) co-ordinate system to an (x0, y0, z0) co-ordinate
system may be considered as a sequence of the three fundamental rotations. The actual
sequence of the three rotations is of importance, but one usually follows the following
sequence

(1) rotate by γ so that the x-axis is in the vertical plane of x0

(2) rotate by β so that the x-axis is parallel to the x0-axis
(3) rotate by α so that the z-axis is parallel to the z0-axis

or in matrix notation

M ¼ TαTβTγ (6:77)

6.8 Two-dimensional constrained direction finding

Assuming next that only three hydrophones are available, so that one may not be able to
form a vector d3, then the following procedure would still allow three-dimensional
direction finding with some constraints. Three hydrophones always describe a plane,
and there will be a residual ambiguity for finding a direction as one cannot decide on
which side of the plane the correct sound direction should be.

Figure 6.8 may be used to define different angles between the vector towards the
source S and the vector connecting the different hydrophones. Only hydrophones h0 and
h1 are shown. Similar angles exist between source direction and hydrophones h0 and h2.
By assumption, direction finding is done using hydrophones h0, h1 and h2, and hydro-
phone h3 is not available.

Following Figure 6.8, we express the directional cosines as

cos βi ¼ cos γi cos# for i ¼ 1; 2 (6:78)

where

γ1 þ γ2 ¼ ω1;2 (6:79)

with ω1;2 being the angle between the two vectors d1, d2.
In particular, we may write for both directional cosines
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Figure 6.7 Definition of the rotation matrix.
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cos β1 ¼ cos γ1 cos# (6:80)

cos β2 ¼ cos γ2 cos# (6:81)

or with Equation 6.79

cos β2 ¼ cosðω1;2 � γ1Þ cos# (6:82)

and therefore

cos β2 ¼ cos γ1 cosω1;2 þ sin γ1 sinω1;2

	 

cos# (6:83)

Using Equation 6.80 we obtain

cos β2 ¼ cos β1 cosω1;2 þ cos β1
sin γ1
cos γ1

sinω1;2 (6:84)

that is

tan γ1 ¼
cos β2 � cos β1 cosω1;2

cos β1 sinω1;2
(6:85)

Having estimated γ1, or by virtue of Equation 6.79 also γ2, we may use either
Equation 6.80 or Equation 6.81 to estimate the elevation angle #. One would use
Equation 6.80 if γ1 is less than 45°, and Equation 6.81 otherwise.

There is an ambiguity as # may be positive or negative, that is, above or below the
hydrophone plane.

In order to use the set of linear equations (6.72) to obtain the desired sound source
direction vector we would construct a third hydrophone vector by

d3 ¼ d1 � d2 (6:86)

where� denotes the cross-product of the two vectors. We assume the missing delay to be

cδτ3 ¼ �L3 sin # (6:87)

with + sign for direction above and – sign for direction below the hydrophone plane and
L3 ¼ d3j j.

Obviously, we cannot overcome the ambiguity in the location for a three-hydrophone
array, but with additional information, this ambiguity may not be an issue. For example,
if the three hydrophones form a nearly horizontal array close to the sea surface, then the

h1γ1

β1

h0

Sϑ

Figure 6.8 Definitions of angles for two-dimensional constrained direction finding.
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direct arrival of echolocation clicks of all deep divers will come from below the array.
Surface-reflected signals will always come from above the array, independent of the array
depth.

6.9 Beam-forming

Beam-forming is a standard procedure whenmultiple hydrophones form a compact array.
The primary objective of beam-forming is not so much direction finding but to exploit the
observation that if the hydrophones are close enough then the received signal from a
given direction should be only time-delayed versions of the same basic signal, but each
hydrophone will be contaminated by different ambient noise fluctuations. Instead of
estimating the time delays between the different hydrophone pairs, one uses all hydro-
phones and sums the time-delayed amplitudes to form what is called a beam pattern,
which emphasizes coherent signals and minimizes the overall noise contribution to the
array output.

To see how beam-forming works, let us assume that the sound s(t) of a distant source is
received with a three-element equally spaced line array as depicted in Figure 6.9. The
sound shall first arrive at hydrophone h0, which should be also our reference hydrophone,
then at hydrophone h1 and finally at hydrophone h2. The time delays between the
different hydrophones and the reference hydrophone are for a plane wave arriving with
the angle β at the array estimated according to

δτn 0 ¼ n
L

c
cos β ¼ nδτβ n ¼ 1; 2 (6:88)

In addition to the sound signal, the different hydrophones will receive random noise from
all directions, that is, the local sound pressure measurement is composed of signal plus
random noise n(t)

xðtÞ ¼ sðtÞ þ nðtÞ (6:89)

which for the nth hydrophone becomes

h1

h0

h2

Sound

2L cos β

β

L

L

Figure 6.9 Geometry of a 3-hydrophone line array.
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xnðtÞ ¼ sðt� nδτβÞ þ nðtÞ (6:90)

The minus sign in Equation 6.90 reflects the fact that the signal needs the time nδτβ to

reach the nth hydrophone.
To beam-form the array data, one compensates for the delay of the sound arrival and

takes the mean value

xA 3ðt; δτβÞ ¼ 1

3

X3
n¼0

xiðtþ nδτβÞ

¼ 1

3

X3
n¼0

sðtÞ þ 1

3

X3
n¼0

nðtþ nδτβÞ
(6:91)

If the time delay was chosen correctly, that is, when the signal is indeed arriving from

direction β, then we obtain

xA Nðt; δτβÞ ¼ sðtÞ þ 1

N

XN
n¼0

nðtþ nδτβÞ (6:92)

where we generalized from 3 to N hydrophones.
It should be obvious that if we take the average of N identical signals then the result, or

mean signal, should be identical to the individual signal, but averaging N different noise

measurements must yield less noise than experienced by the individual hydrophones.

How much noise suppression we obtain depends on how independent the different noise

measurements are.
In the case of completely uncorrelated noise measurements, the expected noise

amplitude decreases with the square root of the number of hydrophones. This is equiv-

alent to the observation that, if the noise is uncorrelated, the different measurements are

independent and the average noise energy that is measured by the array should remain

independent of the number of hydrophones. The amount of noise suppression that may be

achieved with beam-forming is related to the array gain of the hydrophone array as

discussed in Section 3.5 (Equations 3.30 and 3.31).

6.10 Beam patterns

So far, we have estimated the array response when the arrival direction of the signal is

known and the hydrophone data are properly delayed and averaged. What happens if we

have a slight mismatch between the true and the assumed signal direction? Obviously,

there is no change as far as the noise suppression is concerned, but for the signal

component the results must degrade as averaging N slightly different signals generates

a lower array output, or array response.
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The beam pattern of a hydrophone array characterizes the response function of the
array. Let us assume that the sound arrives at the line array with the angle β0 but we form
the beam in direction β.

To obtain the array response we assume now that the sound signal may be expressed as
a complex valued harmonic sound wave according to

sðtÞ ¼ exp i ωt� krð Þf g (6:93)

with circular frequency ω, wave number k and propagation distance r.
The sound wave is now received at N different hydrophones, where ranges rn are

estimated by rn ¼ r0 þ nL cos β, n = 0, . . ., N

snðtÞ ¼ exp i ωt� krnð Þf g
¼ exp i ωt� kr0 � nkL cos β0ð Þf g (6:94)

The array response xA_N is then obtained by compensating for the assumed delay and
averaging over all hydrophones

xA Nðt; β; β0Þ ¼
1

N

XN
n¼0

snðtþ n
L

c
cos βÞ

¼ exp i ωt� kr0ð Þf gBNðβ; β0Þ
(6:95)

with

BNðβ; β0Þ ¼
1

N

XN�1

n¼0

exp inkL cos β � cos β0ð Þf g (6:96)

The sum may be evaluated in closed form and with ψ ¼ kL
2 cos β � cos β0ð Þ we obtain

BNðβ; β0Þ ¼
1

N

XN�1

n¼0

exp inkL cos β � cos β0ð Þf g

¼ exp i2Nψf g � 1

N exp i2ψf g � 1

¼ exp iðN� 1Þψf g sin Nψð Þ
N sinψ

(6:97)

so that the beam-former output becomes

xA Nðt; β; β0Þ ¼ exp iðωt� kr0 þ ðN� 1ÞψÞf g sin Nψð Þ
N sinψ

(6:98)

With Equation 6.98 we can finally express the beam pattern BPðβ; β0Þ of an N-element
line array as

BPðβ; β0Þ ¼
xA Nðt; β; β0Þ
xA Nðt; β0; β0Þ
����

����
2

¼ sin Nψð Þ
N sinψ

� �2

(6:99)

or
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BPðβ; β0Þ ¼
sin N

kL

2
cos β � cos β0ð Þ

� �

N sin
kL

2
cos β � cos β0ð Þ

� �
0
BB@

1
CCA

2

(6:100)

Figure 6.10 gives a visual impression of the beam pattern for a three-element array.
Three different angles of arrival (0°, 90°, 180°) were assumed to generate this compo-
site polar plot of Equation 6.100. We note immediately three important facts about
beam-forming. For signals that are in line with the array, that is, they are arriving at 0°
or 180°, the beam pattern is much wider than the beam pattern for the signal at 90°. We
note further that all curves cross at 0.5 and while the two end-fire beams (0° and 180°)
give the direction without ambiguity, the broadside beam (90°) shows an ambiguous
solution at 270°.

We conclude that the beam pattern does not depend directly on the angular difference
ðβ � β0Þ, but on the difference of the cosine of the angles cos β � cos β0ð Þ as shown in
Equation 6.100, with the consequence that the actual shape of the beam pattern is a
function of the arrival angle of the sound. We conclude further that all directions except
the two at end-fire are ambiguous, as the beam pattern does not change if one replaces β
by –β.

If we define the beam-width as the angular difference for which the beam pattern
reduces to 0.5, we note from Figure 6.10 that the broadside beam has a beam-width of
120° and the two end-fire beams have a beam-width of 240°. Figure 6.10 indicates

Figure 6.10 Beam pattern for a three-element array.
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therefore that a three-element array may resolve three different sound sources, if one
assumes as criterion for resolving two distinct sound sources that the beam patterns
overlap at 0.5. This observation is easily generalized, that is, the maximum number of
sound sources an array may resolve simultaneously, or detect, is equal to the number of
hydrophones.

Inspecting Equation 6.100, one notes that maximum response occurs where BPðβ; β0Þ
becomes one, which is equivalent to

kL

2
cos β � cos β0j j ¼ 2nπ; n ¼ 0; 1; 2 (6:101)

as owing to the periodicity of sinðxÞwith a period of 2π,BPðβ; β0Þwill be also a periodic
function. Note that BPðβ; β0Þ ¼ 1 for β ¼ β0, as for small arguments we approximate

sinðxÞ≈x and therefore
sinðNxÞ
N sinðxÞ ≈

Nx

Nx
¼ 1.

A direct consequence of Equation 6.101 is that the beam pattern is unique, i.e. reaches
the overall maximum only once, if

max
kL

2
cos β � cos β0j j

� �
5π (6:102)

or with max cos β � cos β0j j ¼ 2

L5
λ
2

(6:103)

Figure 6.11 Beam pattern with different hydrophone spacing.
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Only if the distance between the hydrophones is less than half the wavelength do we
obtain a unique beam pattern. If the distance exceeds this limit, we obtain what are called
grating lobes, that is, the array will have maximal response (sum up the signal coherently)
for directions that do not coincide with the true direction.

Figure 6.11 shows the beam pattern for different hydrophone spacings. We note that if
we reduce the spacing, the beam-width widens significantly, reducing the resolution
capability of the beam-former. Increasing the hydrophone spacing over the critical limit
given by Equation 6.103, a secondary peak at 180° appears, which is the grating lobe
already mentioned. As we have assumed that the true angle of arrival of the sound source
is 0°, the existence of a grating lobe at 180° generates a directional ambiguity.

6.10.1 Beam-forming with widely spaced arrays?

Traditionally, beam-forming will be used with a densely spaced array, where the hydro-
phone spacing does not exceed half the wavelength of the highest frequency of interest,
that is, where Equation 6.103 holds. For such cases only, the beam pattern is unique and
does not present grating lobes. This, however, is not the complete story as the above
presented beam pattern has been derived for tonal plane waves without temporal limi-
tation. Now imagine a short pulse (say, a dolphin click of 50 μs) impinging from forward
end-fire (β ¼ 0) on an array of three hydrophones that is 6m long (L = 3m). The travel
time of the click from the first to the second hydrophone is 2 ms, which is 40 times the
pulse length, so it is difficult to imagine that a processing scheme would erroneously
result in an inverted travel direction of the dolphin click.

To see whether our argument is correct, let us assume a Gaussian pulse arriving with an
angle β0 at the array and let tn be the time when the pulse arrives at hydrophone n

tn ¼ tþ nL cos β0
c

(6:104)

that is, we express the waveform at the nth hydrophone (see Equation 6.94) as

snðtÞ ¼ exp � 1

2

t� tn
σ

� �2� �
exp i ωt� krnð Þf g

¼ exp � 1

2

nkL cos β0
ωσ

� �2
( )

exp i ωt� kr0 � nkL cos β0ð Þf g
(6:105)

then the beam pattern becomes

BPðβ; β0Þ ¼
1

N

XN�1

n¼0

exp � 1

2

2nψ
ωσ

� �2

þi2nψ

( )�����
�����
2

(6:106)

where ψ ¼ kL

2
cos β � cos β0ð Þ.

As Equation 6.106 does not describe a simple geometric sum, it is best to visualize the
beam pattern using Matlab to see the difference between Equation 6.100 and 6.106.
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Figure 6.12 shows a short Gaussian pulse and the beam pattern of a three-hydrophone
array. The signal frequency is assumed to be 40 kHz, the σ of the Gaussian amplitude
function was 30 μs, and the array length was taken to be 1m, resulting in a hydrophone
spacing of 50 cm or 13.3 λ.

One notes that the beam pattern of the Gaussian pulse (solid line in Figure 6.12, bottom
panel) is in principle composed of the product of the ambiguous beam pattern of the
continuous wave (grey lines) with the amplitude shading function (dashed line). We can
conclude that only non-oscillating pulses may lack grating lobes and that in this case the
angular resolution depends on the ratio of array to effective signal length and all
oscillating sound waves will have grating lobes in the vicinity of the correct direction.

Beam-forming is based on coherent summation of multiple hydrophones with the
primary objective of increasing the signal-to-noise ratio and, at the same time, of
determining the direction from which sound is arriving. Even if unique direction finding
becomes difficult or impossible with widely spaced arrays of hydrophones, beam-
forming may still be found useful for fine-scale direction finding and improvements of
the signal-to-noise ratio, once rough directions have been obtained by post-detection
time-delay estimation. In this sense, beam-forming with widely spaced arrays is reduced
to improved direction finding and provides no advantage for detecting very weak signals
embedded in noise, as the different signals have to be detected first before one determines
the precise direction with a beam-forming algorithm.

Figure 6.12 Sparse array beam pattern (bottom panel) of Gaussian pulse (top panel) arriving at an angle of 30°.
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Matlab code to generate Figure 6.12
%Scr6_5
beta=(-180:0.1:180)';
beta0=30;

N=3;
n=(0:N-1)';
%
fc=40; %kHz
sig=0.03; %ms
AL=1; % m
%
om=2*pi*fc;
lo=1.5/fc; %m
L=AL/(N-1);
dl=2*L/lo;
arg=dl*(cos(beta*pi/180)-cos(beta0*pi/180));
%
%rectangular weighting
w0=rectwin(N); w0=w0/sum(w0);
%
bp=beta*[0 0 0];
for ii=1:length(beta)

arg1=2*n*arg(ii);
arg2=-0.5*(n*arg(ii)/(om*sig)).^2;

bp(ii,1)=sum(w0.*exp(arg1));
bp(ii,2)=sum(w0.*exp(arg2+i*arg1));
bp(ii,3)=sum(w0.*exp(arg2));

end
bp=abs(bp).^2;
%
figure(1)
set(gcf,'position',[100 100 560 600])
%subplot(211)
subplot('position',[0.1 0.75 0.8 0.2])
tt=-0.2:0.001:0.2;
hp=plot(tt,real(exp(i*om*tt)));
set(hp,'color',0.5*[1 1 1])
line(tt,real(exp(-0.5*(tt/sig).^2+i*om*tt)), . . .

'color','k','linewidth',2)
line(tt,real(exp(-0.5*(tt/sig).^2)), . . .

'color','k','linewidth',2,'linestyle','––')
set(gca,'fontsize',14)
xlabel('Time [ms]')
%
%subplot(212)
subplot('position',[0.05 0.05 0.6 0.6])
hp=polar(beta*pi/180*[1 1 1],bp);
set(gca,'fontsize',14)
set(hp(1),'color',0.5*[1 1 1],'linewidth',2)
set(hp(2),'color','k','linewidth',2)
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set(hp(3),'color','k','linewidth',2,'linestyle','––')
hl=legend('CW','Pulse','Gauss');
xl=get(hl,'position');
set(hl,'position',[0.75 0.4 xl(3:4)])

6.10.2 Beam-forming with sampled data

Beam-forming requires very precise time delays to overlap exactly the measurements of
the different hydrophones. An interpolation scheme is necessary to align the time series
of the hydrophones properly for each steering direction, that is, the direction β to which
the array is steered. Interpolation could be done with classical interpolation filters that up-
sample the whole data stream to the desired sampling rate; and early hardware-based
beam-formers implemented exactly this concept. This approach is conceptually easy, but
may be computationally expensive, as more interpolated data points are generated than
are in general required for beam-forming. Indeed, as interpolation is typically done by
summing weighted samples of the time series, all that is necessary is to generate for each
steering direction a proper set of interpolation coefficients, reducing the computational
load to a minimum. However, the management of the interpolation coefficients may then
be a significant computational factor of the beam-former. All solutions depend on the
architecture of the processor and on whether memory access constitutes a penalty for
processing speed.

6.11 Tracking

Tracking rounds up the DCLT processing suite. We have used tracking-based approaches
earlier, when we discussed the detection and classification of whistles or click trains.
Here we consider tracking as a subject in its own right and try to appreciate the potentials
and difficulties one may encounter in tracking one or more objects that may or may not
interact with each other.

6.11.1 Basics of tracking

All tracking algorithms use more or less precise measurements obtained from one or
more objects (or animals, to remain within the scope of this book) to maintain an estimate
of the current behavioural state of the animal. The behavioural states include kinematic
elements (location, velocity, etc.), parameters that describe the acoustic activity (click
rate, whistle frequency, etc.) and also any species-typical features.

The measurements are in general, noise-corrupted direct or indirect observations of the
behavioural state, such as direct estimate of the location, range and bearing, time differ-
ence of arrival of a signal between two hydrophones, click rate, or frequency of tonal
signals. The measurements are not necessarily raw data points but are in general the
outputs from a detection, classification and localization system.
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In Section 4.4, we tracked different whistles in the frequency domain. The measure-
ments where spectral estimates of the whistles and the tracks described the frequency-
dependence of the whistles. At any time, there could be multiple whistles, but there was,
at each time step, at most only one estimate for each whistle frequency. More classical
tracking applications address the location estimation of moving vehicles. Here the
vehicle state is described, for example, by its location and velocity and it is not
uncommon to have multiple measurements for the same track.

Tracking implies that measurements are associated with individual objects, allowing
the inclusion of measurements typically used for classification. This suggests that, for
tracking individual objects, not only geographic measurements may be useful, but also
classification feature vectors.

Generally speaking, a tracker is a sequential processor that takes the measurements as
they become available and tries to update the states of the objects that are to be monitored.
The processing may occur in real time, that is, at the time of the measurement, or
retrospectively for measurements that were taken in the past.

In principle, all trackers will follow the following processing scheme, the implemen-
tation of which may vary from trivial to very sophisticated algorithms:

* take measurements that are potentially pre-processed
* associate these measurements with available tracks

* continue existing tracks
* initiate new tracks
* terminate old tracks
* merge and split tracks

* filter and predict new track states

The available data may directly qualify as measurements, but in most situations the
measured raw data require a significant amount of pre-processing to be useful for
tracking. The objective of this processing is then to simplify the subsequent tracking
steps, be it the data association or track maintenance steps.

Data association is the next important step where multiple measurements may compete
with one or more tracks. In general, we cannot assume that there is an easy one-to-one
relationship between measurements and available tracks. There may be more measure-
ments than tracks, or more tracks than measurements, but even if the numbers coincide, it
may be possible that not all measurements associate with the available tracks, and that
some tracks are not continued and new tracks could be initiated.We have seen such a case
when discussing whistle detection (Section 4.4.3).

Track maintenance ensures that existing tracks are updated using the new measure-
ments. Where necessary, the measurements may lead to the initiation of new tracks, or
tracks for which no measurements are available may be terminated. The termination of
tracks may be immediately or deferred, that is, a track is only terminated if no new
measurements are associated with it for a given number of time steps. The track main-
tenance must further deal with special situations where tracks merge, and single measure-
ments could be used for two existing tracks, or where tracks split and two new tracks
could relate to a single existing track.
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The final step of the tracker uses the measurement to correct optimally the actual states
of the tracks. This is typically done with a standard filter algorithm, which may be
recursive or be implemented as a batch filter. Once the filtered track state is obtained, the
tracker predicts the new state, which then becomes a valid prediction for the new
measurement cycle.

6.11.2 Data association

Correct data association is essential for a multi-data multi-object tracker. As mentioned,
we cannot assume that there is a unique one-to-one relationship between measurements
and available track states, or that the numbers of measurements coincide with the number
of tracks. This problem has already been encountered during the tracking of multiple
whistles in the time–frequency domain of a spectrogram. In that example, multiple
spectral peaks were associated with existing whistles by measuring the linear distance
between the actual measurements and predicted whistle frequency state. In general, one
would replace the simple estimation of the distance between measurements and state
variables with a vector distance measure.

There are two ways of associating measurements with tracks, which have been used
for generating the association table (Table 4.3) of the whistle detector; one method takes
each measurement and finds a best track, whereas the other finds the best measurement
for each track. Consequently, we are confronted with the same decisions as discussed in
Section 4.4.3.

Data association can also be viewed as a classification problem, where one tries to
classify the new measurements with respect to existing tracks. In that sense, one would
consider the behavioural state vector of the track as the feature vector of a classifier and
could apply Equation 5.35 for Gaussian distributed state vectors.

The data association is traditionally performed for every new set of measurements, or
in tracking theory terms, at every epoch time. Whenever a complete dataset becomes
available the data association is carried out. Sometimes, however, it seems better to defer
the data association and to wait for a finite amount of new data before associating the
measurements with the tracks en bloc. The objective of such deferral is to improve the
association performance, in particular to reduce the number of erroneous track initializa-
tions and track terminations, and to handle track merging and splitting situations better.

After the measurement-to-track association operation, some track maintenance is
required, whereby tracks are confirmed, initiated or terminated. Tracks are confirmed if
there is a one-to-one relationship between existing tracks and new measurements.
A simple approach to track initiation is to start a new track whenever a measurement
cannot be assigned to an existing track. Tracks for which no new measurements are
available and which cannot be confirmed are subject to termination. A common strategy
is to delete a track only if it is not updated within some reasonable time interval.

The problem of track initiation and track termination is related to the sequential
probability ratio tests (SPRT) used in Section 4.1.5 in the form of the Page test detector,
where one defers the decision until the situation becomes clear enough to justify a
decision. This leads to a sequential approach where a track score function is estimated
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and compared to two thresholds, an upper threshold where track confirmation is declared
and a lower threshold where tracks are deleted. In all other cases decisions on the tracks
are deferred, while continuing to update the score function.

6.11.3 Data filter and state prediction

The purpose of the data filter and the state prediction is to correct or update the old track
state using the new measurements and to predict the track state one step into the future to
allow a new round of data association.

In Section 4.4.3, a very simple filter was implemented (Equation 4.41) to combine a
predicted track estimate with a new measurement to obtain the best estimate of the track
state. Here, we learn about the Kalman filter, which can be considered as the workhorse
of tracking applications (see e.g. Grewal and Andrews, 2008; Minkler and Minkler,
1993).

The Kalman filter was developed to estimate optimally the state of a dynamic system
with noisy measurements and therefore residual uncertainties about the state of the
system.

In the following we assume a discrete or sampled dynamic system for which the state
vector x changes with time according to

xðkþ 1Þ ¼ AðkÞxðkÞ þ BðkÞuðkÞ þ wðkÞ (6:107)

where

AðkÞ ¼ Fðtkþ1; tkÞ (6:108)

is a linear transition matrix of the state vector from time tk to time tk+1. In addition to the
state update, Equation 6.107 contains the term B(k)u(k), which describes external control
variables, and w(k) describing the system noise, or residual uncertainty about the state
update model.

The measurements are assumed to depend linearly on the state vector

yðkþ 1Þ ¼ Cðkþ 1Þxðkþ 1Þ þ vðkÞ (6:109)

with C(k +1) denoting the transfer matrix and v(k) being the measurement noise.
The expected error covariance matrices for state model and measurements are assumed

to be

E wðkÞwTðkÞ � ¼ QðkÞ (6:110)

E vðkÞvTðkÞ � ¼ RðkÞ (6:111)

and state model and measurement noise are assumed to be uncorrelated.
The Kalman filter implements the following algorithm. Starting with an initial estimate

x̂ð0Þ ¼ x̂0 (6:112)

and with an initial state uncertainty covariance matrix
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Pð0Þ ¼ P0 (6:113)

the new state vector is predicted according to

x̂
	ðkþ 1Þ ¼ AðkÞx̂ðkÞ þ BðkÞuðkÞ (6:114)

and the prediction error covariance matrix

P	ðkþ 1Þ ¼ AðkÞPðkÞATðkÞ þQðkÞ (6:115)

The predicted system state corresponds to a predicted measurement

y	ðkþ 1Þ ¼ Cðkþ 1Þx̂	ðkþ 1Þ (6:116)

The Kalman filter now uses the difference between predicted measurement y*(k+ 1) and
actual measurements y(k+ 1) to correct the predicted state obtaining the optimal filtered
system state

x̂ðkþ 1Þ ¼ x̂
	ðkþ 1Þ þ Kðkþ 1Þ yðkþ 1Þ � y	ðkþ 1Þ½ � (6:117)

where K(k+ 1) is the so-called Kalman gain, which is estimated by

Kðkþ 1Þ ¼ Pðkþ 1ÞCTðkþ 1ÞE�1ðkþ 1Þ (6:118)

where

Eðkþ 1Þ ¼ Cðkþ 1ÞP	ðkþ 1ÞCTðkþ 1Þ þ Rðkþ 1Þ (6:119)

and

Pðkþ 1Þ ¼ I� Kðkþ 1ÞCðkþ 1Þ½ �P	ðkþ 1Þ (6:120)

If the Kalman filter is used to filter a larger time interval then the following backward
smoothing algorithm developed by Rauch, Tung and Striebel (Rauch et al., 1965) may be
applied to improve the filter performance. The algorithm runs backwards through the data
and uses the predicted and corrected state uncertainty covariance matrix P*(k) and P(k).

Initial values:

x̂ðN;NÞ ¼ x̂ðNÞ (6:121)

PðN;NÞ ¼ PðNÞ (6:122)

Smoothing algorithm:

x̂ðk;NÞ ¼ x̂ðkÞ þ VðkÞ x̂ðkþ 1;NÞ � AðkÞx̂ðkÞ½ � (6:123)

VðkÞ ¼ PðkÞATðkÞP	�1ðkþ 1Þ (6:124)

Pðk;NÞ ¼ PðkÞ þ VðkÞ Pðkþ 1;NÞ � P	ðkþ 1Þ½ �VTðkÞ (6:125)

Comparing the filter equation (Equation 6.117) with Equation 4.41, which was used for
whistle tracking, one realizes that the latter may be seen as a special case where the
Kalman gain is kept constant. Further, instead of a one-step linear state update model of
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the Kalman filter, the whistle detector implements an exponential weighted update

(Equation 4.43) of the filter gain. It could therefore be interesting to implement a

Kalman filter for the whistle tracking also.

Example To test the Kalman filter we simulate a deep-diving, echolocating sperm whale.

Thewhale is assumed to dive in 10min to a depth of 900m, where it stays for 30min before

ascending again to the surface. Thewhale is acoustically active for about 42min and to keep

the problem simple the ICI is assumed to be a constant 1 s. Five hydrophones are modelled

to allow direct localization by using Equation 6.7. Figure 6.13 shows a 3-D view of the dive

and hydrophones. This example is of particular interest as the five-hydrophone localization

problem is easily solved by standard algebra, as discussed in Section 6.1.

As the Matlab script below shows, the stepwise linear whale motion was disturbed by

Gaussian system noise; the delay measurements were also assumed to be erroneous. The

consequence of this is that the direct solution is rather noisy, especially for the depth

estimate. To construct the Kalman filter we consider as the state vector the solution vector

of Equation 6.7 augmented with the velocity vector

x ¼ ðR0; xW; yW; zW; vR; vx; vy; vzÞT (6:126)

The state transition matrix A (Equation 6.108) becomes

Figure 6.13 Simulated sperm whale foraging dive (solid line), with echolocation activity marked as dotted line.
The circles indicate the location of the five hydrophones.

Tracking 231



A ¼ 2

1 0 0 0 dt 0 0 0
0 1 0 0 0 dt 0 0
0 0 1 0 0 0 dt 0
0 0 0 1 0 0 0 dt
0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 1

0
BBBBBBBBBB@

1
CCCCCCCCCCA

(6:127)

indicating that state variables vR, vx, vy, vz are modelled as 0constant0, that is they are
assumed to vary only in the course of the filter.

The measurement prediction matrix is given by

C ¼
δR1 x1 � x0 y1 � y0 z1 � z0 0 0 0 0
δR2 x2 � x0 y2 � y0 z2 � z0 0 0 0 0
δR3 x3 � x0 y3 � y0 z3 � z0 0 0 0 0
δR4 x4 � x0 y4 � y0 z4 � z0 0 0 0 0

0
BB@

1
CCA (6:128)

and the measurement vector y of Equation 6.109 is given by vector b of Equation 6.6.
Figure 6.14 shows the result of the direct inversion (in grey) and the Kalman filter

(different solid lines labelled with x, y, and z). One may note that whereas the x and y
components of the whale track are also reasonably estimated by the direct inversion, the

Figure 6.14 Result of Kalman filtering of the time delay measurements. The x, y, z components are given as
thick solid lines. Grey lines, equivalent solution using the direct inversion (Equation 6.7). The
dashed lines are the original simulated x, y, z components of the whale track (not visible for the x
and y components).
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depth estimate (z component) is rather noisy for the direct solution, but very close to the
correct whale track (dashed line) for the Kalman filter estimate (solid line).

The example shows clearly that using a Kalman filter may also be recommended where
direct solutions are available. Using five hydrophones to localize a deep-diving whale
should be sufficient, as the solution is based on a simple matrix inversion. Measurement
errors are, however, always a concern; in this example, the consequence of measurement
errors was a very noisy depth estimation. The Kalman filter was nevertheless capable of
providing a state estimate very close to the simulated animal track.

Matlab code for example
%Scr6_6
% simulation
tt=0:3600;
vv=1.5+0*tt;
beta=0*tt;
gamma=30+0*tt;

beta(tt<10*60)=-80;
beta(tt>=10*60 & tt<40*60)=0;
beta(tt>=40*60 & tt<50*60)=80;
beta(tt>=50*60)=0;

randn('state',0); %to reproduce random numbers

sigs=1;
dx=vv.*sin(gamma*pi/180.*cos(beta*pi/180) . . .

+sigs*randn(size(tt));
dy=vv.*cos(gamma*pi/180).*cos(beta*pi/180) . . .

+sigs*randn(size(tt));
dz=vv.*sin(beta*pi/180) . . .

+sigs*randn(size(tt));

xx=cumsum(dx);
yy=cumsum(dy);
zz=cumsum(dz); zz(zz>0)=0;

tcl=tt(tt>60 & tt<43*60);

xcl=interp1(tt,xx,tcl);
ycl=interp1(tt,yy,tcl);
zcl=interp1(tt,zz,tcl);

xo=[xcl;ycl;zcl];

h0=[-1000,-1000,-500];
h1=[3000,0,-100];
h2=[0,3000,-100];
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h3=[3000,3000,-100];
h4=[1000,1000,-100];

%plot track and hydrophones
figure(1)
hold off
hp=plot3(xx,yy,zz,'k',xcl,ycl,zcl,'k.');
set(hp(1),'color',0.5*[1 1 1])
grid on
set(gca,'CameraPosition',[11000 -13000 6000])
%
hold on
plot3([h0(1) h1(1) h2(1) h3(1) h4(1)], . . .

[h0(2) h1(2) h2(2) h3(2) h4(2)], . . .
[h0(3) h1(3) h2(3) h3(3) h4(3)], . . .
'ko','markersize',10)

hold off
%
xlabel('X')
ylabel('Y')
zlabel('Z')
box on

% simulate measurements
%obtain acoustic ranges
R0=sqrt((xcl-h0(1)).^2+(ycl-h0(2)).^2+(zcl-h0(3)). ^2);
R1=sqrt((xcl-h1(1)).^2+(ycl-h1(2)).^2+(zcl-h1(3)). ^2);
R2=sqrt((xcl-h2(1)).^2+(ycl-h2(2)).^2+(zcl-h2(3)). ^2);
R3=sqrt((xcl-h3(1)).^2+(ycl-h3(2)).^2+(zcl-h3(3)). ^2);
R4=sqrt((xcl-h4(1)).^2+(ycl-h4(2)).^2+(zcl-h4(3)). ^2);
%
%obtain measured delays
sigm=2*15;
dR1=R1-R0+sigm*randn(size(R0));
dR2=R2-R0+sigm*randn(size(R0));
dR3=R3-R0+sigm*randn(size(R0));
dR4=R4-R0+sigm*randn(size(R0));
%
if 0
figure(2)
plot(tcl,dR1,'-',tcl,dR2,'-',tcl,dR3,'-',tcl, dR4,'-')
xlabel('Time [s]')
ylabel('Delay [m]')
end
%
% initiate Kalman filter
dt=diff(tcl); dt=[dt(1) dt];
% state transfer matrix
A=[1 0 0 0 dt(1) 0 0 0;

0 1 0 0 0 dt(1) 0 0;
0 0 1 0 0 0 dt(1) 0;
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0 0 0 1 0 0 0 dt(1);
0 0 0 0 1 0 0 0;
0 0 0 0 0 1 0 0;
0 0 0 0 0 0 1 0;
0 0 0 0 0 0 0 1];

% measurement vector
C=2*[ 0 h1-h0 0 0 0 0;

0 h2-h0 0 0 0 0;
0 h3-h0 0 0 0 0;
0 h4-h0 0 0 0 0];

%
% need this for direct inversion
b0=[h1*h1';

h2*h2';
h3*h3';
h4*h4']-h0*h0';

C0=2*[0 h1-h0;
0 h2-h0;
0 h3-h0;
0 h4-h0];

%store here determinant
D=0*tcl;

%Kalman filter
%initialize state vector
xh=[0 0 0 0 0 0 0 0]'*tcl;
xh(:,1) = [1500 6 15 -100 1 1 1 -1]';
xh0=xh(1:4,:);
%
% measurement error covariance matrix
R=(1e+4)^2*eye(4);
%
Q=diag([1 1 1 .01 .1 .1 .1 .01].^2);
%
I=eye(8);
P=1*I;
for ii=2:length(tcl)

%adjust state model
A(1,5)=dt(ii);
A(2,6)=dt(ii);
A(3,7)=dt(ii);
A(4,8)=dt(ii);
%
%adjust measurement model
dR=[dR1(ii) dR2(ii) dR3(ii) dR4(ii)]';
C(:,1)=2*dR;
y=b0-dR.^2;
%
% prediction
xhs=A*xh(:,ii-1); % state
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ys=C*xh(:,ii-1); %measurement
Ps=A*P*A'+Q; % covariance matrix
%
% correction
K=Ps*C'*inv(C*Ps*C'+R);
xh(:,ii)=xhs+K*(y-ys);
P=(I-K*C)*Ps;
%
% direct solution for comparison only
C0(:,1)=C(:,1);
D(ii)=det(C0);
xh0(:,ii)=pinv(C0)*y;
%

end

if 0
figure(3)
hp=plot(tcl,xh0(1,:),tcl,xh(1,:),'r',tcl,R0,'b');
set(hp(1),'color',0.5*[1 1 1]);
set(hp(2:3),'linewidth',2)
xlabel('Time [s]')
ylabel('Range [m]')
end

figure(4)
hp=plot(tcl,xh0(2:4,:),'k',tcl,xo','k:',tcl,xh (2:4,:),'k');
set(hp(1:3),'color',0.5*[1 1 1]);
set(hp(4:end),'linewidth',2)
text(tcl(end)+100,xh(2,end),'X','fontweight', 'bold')
text(tcl(end)+100,xh(3,end),'Y','fontweight',' bold')
text(tcl(end)+100,xh(4,end),'Z','fontweight', 'bold')
xlabel('Time [s]')
ylabel('Distance [m]')
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Part III

Passive acoustic monitoring
(putting it all together)

After presenting the tools required to carry out PAM, the third part of this book discusses
the operational aspect of how PAM may be used. PAM is a rather new direction in
cetacean research, which so far has mostly been visually oriented. However, with the
availability of affordable instrumentation and the increasing cost of human-operated
ship-based surveys, PAM is becoming increasingly interesting for both cetacean stock
management and risk mitigation, especially when carried out with small autonomous
platforms.

The implementation of PAM systems depends very much on the application and
operational circumstances. Chapter 7 addresses some PAM applications and indicates a
few difficulties one may encounter during the analysis of acoustic data, at least when
applying classical techniques known from visually oriented applications. Chapter 8
addresses the detection function, which plays an important role in assessing the popula-
tion density using survey methods. Chapter 9 introduces computer simulation as a
technique to emulate real-world PAM with the intention of demonstrating, not only the
usefulness of simulations to generate data, but also how to analyse PAM system perform-
ance. The last chapter of this book addresses some systems issues that are fundamental in
any PAM implementation, and discusses relevant aspects of PAM hardware and
software.
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7 Applications of passive acoustic
monitoring

The implementation of any PAM system depends very much on the details of its
operation. So far, the monitoring of wildlife has been done largely by visual observation;
consequently, there is still work to be done to develop a proper theory or methodology
that is specific for passive acoustics. Most PAM activities try to adapt their results to
standard analysis techniques that have proven successful in visually based monitoring. It
may be that this is all that is required, but on the other hand, only a few passive acoustic
activities have been successfully analysed with such standard tools. In this chapter, I
therefore try to address some standard methods suggested for PAM applications and the
difficulties one may encounter during the data analysis.

7.1 Abundance estimation

Abundance estimation is a standard application in animal ecology, where one tries to
estimate the total number of animals in a given area, or equivalently to obtain an estimate
of the density of the species of interest.

In general, we define the density of a species by dividing the number of individuals by
the area they occupy

D ¼ N

A
(7:1)

where N is number of animals present in an area A.
Let us now assume that the area A is known, then estimating the density is equivalent to

estimating the population N. To estimate N, we typically carry out a survey, which may
result in the detection of n individuals of the species of interest. As the number of detected
animals n is proportional to number N of existing animals

n ¼ PNN (7:2)

where the proportionality constant PN may be interpreted as the probability of detecting
any of the animals, we obtain the basic formula of abundance estimation

N ¼ n

PN
(7:3)

and for the density estimate
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D ¼ n

APN
(7:4)

Equation 7.4 applies to cases where one detects at least one animal (n > 0) and where one
knows the probability PN of detecting each one of these N animals. Note, that in order to
define correctly an ecologically meaningful animal density, the size of area A should be
related to the habitat of the N animals. Otherwise, one could bring the density to very
small values by increasing the area A to include areas that are known to be unsuited for
the species of interest.

Probability of detecting an animal
This density estimator (Equation 7.4) is very general and may necessitate some adapta-
tion with respect to type of survey or data collection. However, let us first consider the
probability of detecting an animal in a more abstract way to facilitate the survey-specific
modifications to Equation 7.4.

Assume a total number of N animals of the species of interest that occupy the area of
interest A. Assume further that not all animals may be detected during the survey. The
reasons for not being detected may be multiple; they may be due to the behaviour of the
animal (e.g. animal is out of sight), the performance of the observer (e.g. difficulties of
observing in bad weather), or the implementation of the survey (does not cover all areas
occupied by the animals). In other words, the number of detected animals n is related to
the number of existing animals N by

n ¼ PNN ¼ PareaPavailPdetN (7:5)

where Parea is the probability that the animal is within the sampled area (proportion of
sampled area to area of interest), Pavail is the probability that the animal is available for being
detected (e.g. acoustically active, in the case of PAM), given its presence in the sampling area,
and Pdet is the conditional probability that an animal is detected given its availability.

Independent of the reasons why an animal is detected or not, we may attribute to each
of the existing animals a detection index δi; i ¼ 1; � � � ;N which becomes 1 if the animal
is detected and zero if not.

Summing up all detection indices, we obtain the number n of detected animals.

n ¼
XN
i¼1

δi (7:6)

Equation 7.6 does not change, if we write

n ¼ PNN (7:7)

where

PN ¼ 1

N

XN
i¼1

δi (7:8)

is simply an average of the detection indices δi.
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By virtue of Equation 7.7, the detection probability PN denotes the fraction of existing
animals that are detected, and Equation 7.8 indicates that the detection probability is an
average or mean value.

Equation 7.7 indicates further that, given an animal count n and given an estimate of
the detection probability P̂N, then the number of existing animals is estimated by

N̂ ¼ n

P̂N

(7:9)

where the symbol “^” denotes now an estimator (or estimate) of the corresponding quantity.
As the animal count n is the result of the survey, all that needs to be done is to obtain an

estimate of the average detection probability P̂N. Obtaining this quantity is in quintes-
sence the objective of a statistical survey analysis. At first glance, the definition of the
average detection probability (Equation 7.8) seems trivial and of little use as it depends
on the number of animals N, the number one wanted to estimate.

Let us expand more on the detection variable and ask ourselves what this variable
means for real surveys. Obviously, to be more specific we must make some assumptions.
Aweak assumption is that animals are detected if they are close to the observer and that
they are not detected if they are very distant and that the critical distance up to which an
animal may be detected is species-specific and constant. With these assumptions, we can
express the detection probability as

PN ¼ 1

N

XN
i¼1

δðri5r0Þ (7:10)

where ri is the distance of the ith animal, r0 is the maximum distance at which the animals
may be detected, and δðri5r0Þ is the binary detection function, which becomes one for
ri5r0 and is zero otherwise.

Equation 7.10 simply says that to obtain the detection probability we have to count
animals that are closer then the critical distance r0. We therefore need to know the
distances ri of the individual animals. We should now realize that, by definition, we
cannot know the distances of every animal, as otherwise there would be no need for a
survey to estimate the number of animals. For the same reason we also cannot know the
total number of animals. The way out of this dilemma is to treat the problem as a
statistical one and assume that, although we do not know the absolute numbers, we
have an idea of the distribution of the animals. The animals may be uniformly distributed
in the area of interest; they may be clustered according to some negative binomial
distribution; or they may follow any other distribution for which no closed-form math-
ematical description exists. Therefore, we next assume that, although we do not know the
absolute number, we may estimate the relative density of the animals. That is, we replace
Equation 7.10 by

PN ¼
ð∞
0

wriðrÞδðr5r0Þdr (7:11)
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where wriðrÞ describes the probability density function (PDF), that is, the product
wriðrÞdr is the probability of encountering an animal in the distance interval [r, r+dr]
obeying the condition

ð∞
0

wriðrÞdr ¼ 1 (7:12)

Equation 7.11 assumes that the critical distance r0 is constant during the whole survey for
all whales of a given species. This is, however, very unlikely as all observations suffer
from uncertainties, mostly due to environment variability and observer imperfections. It
is therefore convenient to replace the deterministic detection function δðr5r0Þ by a
statistical average

δðr5r0Þ ¼: gðrÞ ¼
ð∞
0

wr0ðyÞδðr5y Þdy (7:13)

where wr0ðyÞ is the PDF of the maximum detection range by the observer for the animal
species. We denote this function as the detection function g(r).

Inserting Equation 7.13 into Equation 7.11 we finally obtain for the detection
probability

PN ¼
ð∞
0

wriðrÞ
ð∞
0

wr0ðyÞδðr5 yÞdy
0
@

1
Adr (7:14)

In summary, we may express the number of detected animals

n ¼ PNN (7:15)

and the total or unconditional detection probability PN of each animal as

PN ¼
ð∞
0

hðxÞdx (7:16)

with

hðxÞ ¼ wriðxÞgðxÞ (7:17)

where

gðxÞ ¼
ð∞
0

wr0ðyÞδðx5 yÞdy (7:18)

We note that wriðxÞ is a global description of the animal’s behaviour (where is it and how
does it behave) and wr0ðyÞ characterizes mainly the performance of the sensor in
detecting the animal. The function g(x) is also known as the detection function; apart
from a multiplicative constant, it could be estimated from the detection data.
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Line transects
During a line transect the observer moves through an area of interest, covering a strip
of total length L and width 2w, that is, surveying a total area A ¼ 2wL. In cases where
PN may be expressed as function of the distance from the transect line we may write the
unconditional probability of detecting an object within the strip width as

PN ¼ 1

w

ðw
0

gðxÞdx (7:19)

where g(x) is the detection function and x is the perpendicular distance of the detected
object from the transect line.

Equation 7.19 relates to Equations 7.16 and 7.17 by setting the animal density constant

wriðxÞ ¼ 1

w
(7:20)

The integral in Equation 7.19 is a number andmay be used to define an effective detection
area Aeff, within which the animals are effectively detected with probability g(0)

2L

ðw
0

gðxÞdx ¼ gð0ÞAeff (7:21)

The density estimator of a line transect (Equation 7.4) becomes, with Equation 7.21

D ¼ n

gð0ÞAeff
(7:22)

The term g(0) is the probability of detecting an object at distance zero. It cannot be
estimated from the distance data alone and is therefore, in most distance sampling
applications, assumed to be one, that is, it is assumed that all animals at distance zero,
or on the track line, are detected with certainty. However, Equation 7.21 also holds if g(0)
is known to be smaller than one, as long as it is known. Sometimes, this g(0) may be
assessed by reasoning independent of distance data. For example, Barlow (1999)
used dive patterns of long-diving whales and determined, for Cuvier’s beaked whale,
g(0) = 0.23 when surveyed with a specific ship-based visual line transect setup and
g(0) = 0.07 for aerial surveys (Barlow et al., 2006).

From Equation 7.5 we can conclude that g(0) < 1 may occur if some animals are
not available for detection, Pavail < 1, or if the survey system is not perfect for zero
distances and Pdet < 1. The third term Parea is, by virtue of Equation 7.17, not part of the
detection function g(x) but must be considered when estimating the total abundance.
Considering PAM, it is fair to assume that most systems are implemented in such a way
that Pdet = 1 for zero distances, that is, one should be able to detect the sound that is
emitted by whales or dolphins when very close to the animal. Consequently, g(0) reflects
the probability Pavail that the animal is acoustically active and therefore available for
detection.
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Equation 7.22 holds also when the line transect is carried out by using multiple
disconnected track lines, where the effective detection area becomes the sum of all
individual detection areas. Complications could arise only if the effective detection
areas overlap in such a way that detection opportunities are no longer independent. In
such cases some care is necessary when estimating the effective detection area Aeff, as
within this total effective area all detections are assumed independent.

A further complications is due to moving animals as one could envision that, say, the
same pod of sperm whales that moves slowly through an ocean basin is detected multiple
times when the line transect crosses multiple times the path of motion of the whales.
Whereas visual methods using photo identification would most likely recognize the
recurring detection, this cannot be said for acoustic methods, resulting in an overestima-
tion of the abundance for this surveyed species.

Point transects
During so-called point transects, the observer does not move but tries to detect objects
that surround the observer’s fixed location, that is, the area A is expressed as a disk with
radius w around the observer and A ¼ π w2.

The unconditional probability of detecting an object up to a radius w around the
observer is given by

PN ¼ 2

w2

ðw
0

rgðrÞdr (7:23)

where g(r) is the radial detection function describing the probability of detecting an object
at radius r. One might expect g(r) to be identical to the g(x) of Equation 7.18 if we replace
the radius r by the distance x, as the detection function should depend only on the relative
distance between observer and animal independently of the motion of the observer.

Equation 7.23 relates to Equations 7.16 and 7.17 by letting the animal density increase
with range from the observer

wriðrÞ ¼ 2r

w2
(7:24)

This radial increase of detection opportunities is equivalent to a uniform distribution of
animals in space.

By analogy to the line transect, we can estimate an effective detection area Aeff, in
which animals are found with probability g(0), by

2π
ðw
0

rgnðrÞdr ¼ gð0ÞAeff (7:25)

so that the density estimator becomes

D ¼ n

gð0ÞAeff
(7:26)
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where Aeff is again the effective detection area, in which animals are found with
probability g(0).

Similar to the line transect, Equation 7.26 may be extended to multiple point transects
as long as the total effective detection area is estimated carefully.

7.1.2 Acoustic cue counting

To obtain the density of animals, Equations 7.1 and 7.4 need as input the number n of
detected individuals. Although it is reasonable for visual surveys to count individuals,
this is not so trivial for passive acoustics. In general, PAM systems do initially detect only
acoustic signals from one or more animals and individuals of the same species may only
be counted after more or less sophisticated processing or with expensive hardware. For
example, multi-path ranging or multiple hydrophones may be used to resolve spatially
different acoustically active animals. However, there is no guarantee that this method
succeeds and allows us to count individual animals.

Acoustic cue counting seems a straightforward method, as cue counting also plays an
important role in monitoring elusive terrestrial fauna. Typical acoustic cues are individual
echolocation clicks of deep-diving whales. Let the number of emitted clicks ncl of N
animals be

ncl ¼ NðTρclÞ (7:27)

where ρcl is the click rate of a single animal and T is the observation time.
The total number of detected clicks of the PAM system is then the number of correct

classified detections ndet_cl plus the number of noise-driven false alarms nFA plus the
number of wrongly classified detections nFC

ndet ¼ ndet cl þ nFA þ nFC (7:28)

The false detections in Equation 7.28 are divided into two contributions, nFA and nFC,
reflecting the two relevant steps in a PAM system: detection of transients and classifica-
tion of cetacean sound. False alarms are typical for detectors and driven by noise;
classification errors may occur in the presence of multiple sound sources. It is useful to
consider the two cases separately, as noise-driven false alarms may also occur in the
absence of any sound source, whereas false classification requires the presence of sound
sources.

To expand Equation 7.28, we note that the number of correct detections ndet cl is
proportional to the number of emitted clicks

ndet cl ¼ Pdet clncl (7:29)

where Pdet_cl is the probability of detecting an emitted click.
The number of false alarms nFA is proportional to the observation time

nFA ¼ ðTρFAÞ (7:30)

where ρFA is the false alarm rate of the detector.
The number of false classified clicks nFC depends in the presence of confounding

species and may be summarized by
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nFC ¼ ðTρFCÞ (7:31)

where ρFC is the effective false classification rate related to the observation time T.
The false alarm rate of the detector ρFA depends on the system setup and not on the

number of animals that are present in the area. It is more or less constant and varies only
when the noise statistics change. The effective false classification rate ρFC, on the other
hand, depends on the presence of confounding animals and is therefore highly context-
dependent.

Inserting all parts into the density equation, one obtains

D ¼ N

APN

¼ ncl
APNðTρclÞ

¼ ndet cl

APNðTρclÞPdet cl

¼ ndet� ðTρFAÞ � ðTρFCÞ
AðPNPdet clÞðTρclÞ

(7:32)

Dividing numerator and denominator by the observation time T, equation 7.32 becomes

D ¼ ρdet � ρFA � ρFC
APacρcl

(7:33)

where ρdet is the rate of detections ρdet ¼
ndet
T

and Pac is the probability of detecting the
acoustic cues Pac ¼ PNPdet cl.

The false alarm rate ρFA is in general constant and independent of the rate of click
detection, but the detector may be tuned so that ρFA is small compared with the detection
rate ρdet. The rate of false classifications ρFC depends on the presence of confounding
species, which may or may not be related to the species of interest.

In cases where the false alarm rate may be ignored and the false classification rate is
related to the cue detection rate (e.g. Marques et al., 2009), e.g. where one may assume
that a constant fraction of the detected cues are always misclassified, ρFC ¼ cρdet, then
Equation 7.33 simplifies to

D ¼ ρdet 1� cð Þ
APacρcl

(7:34)

Using individual clicks as cues to infer the number of whales assumes that the number of
clicks is proportional to the number of whales (Equation 7.27) and that the clicks from all
whales are detected with the same probability (Equation 7.29). This necessitates that the
distances of individual whales to a receiver have the same distribution, or equivalently,
that all whales have similar detection functions.

7.1.3 Acoustic dive counting

As an alternative to counting individual acoustic emissions and relating the resulting
count to the number of animals, one could try to count acoustic activities. That is, we
define as the cue an acoustically compact period. For example, knowing that deep-diving
odontocetes echolocate mainly during deep foraging dives, we could consider the
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acoustic detection of a foraging dive as a cue for the presence of a whale. This would be
equivalent to counting only the characteristic fluke-ups of sperm whales for abundance
estimation, and not the individual blows.

Using foraging dives as cues requires more signal processing, as the PAM system
detects primarily the clicks of an echolocating whale and not the dive. On the other hand,
false alarms and false classifications do not play such a large role in dive counting as they
do in click counting. In addition, the rate of foraging dives is less variable for most deep
divers than the rate or number of clicks emitted during a foraging dive.

As dive counting is also a form of cue counting, the density may be estimated by
analogy to Equation 7.34, by reinterpretation of the different variables

D ¼ ρdet
APacρdive

(7:35)

where ρdet is now the rate of dive detections, Pac is the probability of detecting a dive
acoustically and ρdive is the rate of foraging dives of the species of interest.

The variable c in Equation 7.34 represents the fraction of misclassified events (clicks),
which in most cases may be set to zero for dive counting, as the frequency of false
decisions for dives is typically very low.

7.1.4 Density estimation of clustered or grouped objects

The density estimations presented so far assume that the individual detections are
statistically independent. However, if animals move in groups, then the detection/record-
ing unit should be the cluster (group, pod) and not the individual animal, as their
individual detections are no longer independent. Furthermore, as detecting large pods
of animals is sometimes easier than detecting an isolated individual, one should expect
that the detection function best suited for grouped animals is different from the function
used for individuals. In particular, one should expect that large pods might be detected at
greater distances than smaller pods or individuals.

To infer animal abundance from cluster densities one needs as additional information
an estimate of the size of the cluster. During visual surveys, this information may be
estimated during the survey, but in the case of PAM, estimating the cluster size may be
difficult. This is mainly because we observe the animals only indirectly by detecting the
acoustic emissions of the individuals and estimating the cluster size requires the ability to
count individuals. It seems, however, appropriate to assume that acoustically active
group sizes are equal to visually determined group sizes and to use in PAM applications
the visually estimated group sizes. Of course, as group sizes may vary significantly,
visually determined group size may also be very uncertain and even not relevant for
PAM, especially when determined in different temporal and spatial situations.

7.1.5 Moving whales during line and point transects

Both examples discussed above, line and point transects, assume that surveyed objects
(whales and dolphins) can be considered as immobile. Whales, however, are known to
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move more or less continuously through the oceans. The interesting aspect of detecting
moving whales is that in both survey cases (line and point transects) the relative distance
between whale and observer changes. It should therefore be possible to treat both cases
with a single model, as the only difference between these two cases is the relative speed
of movement between whale and observer. In the case of line transects the relative speed
is the vector addition of both the whale and the vessel speed; in the case of point transects
the relative speed is only due to the whale’s motion. Of course, we must assume that the
motion of the whale is not influenced by the motion or the presence of the observer.
Otherwise, the results would be biased to higher estimates if the whales were attracted by
the observer or to lower values if the animals were avoiding the observer.

To simplify the discussion let us consider that the observer is fixed and that the whale
moves at a distance y past the observer, as shown in Figure 7.1, and that the whale depth is
constant. For notational convenience, the whale is assumed to move in a positive
direction from negative to positive x values, and it is further assumed that the whale is
at the same depth as the hydrophone. Let us now assume that the speeds of whale and
observer are constant and that the detection opportunities are uniformly distributed in
time. This is equivalent to the notion that the spatial distribution of the detection
opportunities is homogeneous along the line of motion. The question to be answered
now is what the detection probability becomes as the whale passes by the observer (see
also Buckland et al., 2004).

Figure 7.1 Relative whale motion, where O denotes the observer and W is the whale moving from left to right
along the arrow. CPA stands for closest point of approach and is the perpendicular distance between
whale track and observer. The angle φ is defined between the positive x-axis and the direction from
O to W.
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Inspecting Figure 7.1, we note that for an approaching whale the range between whale
and observer decreases according to Pythagoras:

r ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x2 þ y2

p
(7:36)

This reaches its minimum distance at the CPA (closest point of approach) r = y, after
which the distance to the whale increases again.

Let us assume that the whale, which is moving parallel to the x-axis fromminus infinity
to x, was not detected at position x,y with probability Q(x,y). Let further

hðx; yÞdx ¼ Probability of detection in interval½xþ dx; x� (7:37)

then the probability of not having detected the whale at position (x + dx, y) becomes

Qðxþ dx; yÞ ¼ Qðx; yÞ 1� hðx; yÞdxð Þ (7:38)

Equation 7.38 may then be written as a differential equation

dQðx; yÞ
dx

¼ �Qðx; yÞhðx; yÞ (7:39)

the solution of which is straightforward

Qðx; yÞ ¼ exp �
ðx
�∞

hðu; yÞdu
8<
:

9=
; (7:40)

whereby we assume that the whale was not detected at very large ranges, that is, we have
set Qð�∞; yÞ ¼ 1.

At the CPA the probability of having missed the whale is then

Qð0; yÞ ¼ exp �
ð0
�∞

hðu; yÞdu
8<
:

9=
; (7:41)

As the whale continues to move beyond the observer, the probability of detection
increases further so that the total probability of not having detected the whale after its
passage becomes

Qð∞; yÞ ¼Qð0; yÞ exp �
ð∞
0

hðu; yÞdu
8<
:

9=
;

¼ exp �
ð∞
�∞

hðu; yÞdu
8<
:

9=
;

(7:42)

Consequently, the probability of detecting a moving whale as it passes the observer at a
distance y becomes
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gðyÞ ¼1�Qð∞; yÞ

¼1� exp �
ð∞
�∞

hðu; yÞdu
8<
:

9=
; (7:43)

Equation 7.43 constitutes the cumulative detection function for whales that pass the
observer at a distance y.

For omni-directional sensors, as with most PAM systems, and for constant whale
depth, the conditional probability of detection of a whale (detection performance) will
depend only on the relative range between whale and observer, that is

hðx; yÞ ¼ Pdet rð Þ (7:44)

where Pdet(r) is the range-dependent detection probability with r estimated by
Equation 7.36.

To better reflect the range dependency of Pdet, we change the integration variable in
Equation 7.43 from x to r and, using the fact that Equation 7.36 implies
rdr ¼ xdx ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r2 � y2

p
dx, that the range integration is defined only for ranges r > y,

and that the range is only positive, we obtain for the probability of detecting a passing whale

gðyÞ ¼ 1� exp �2

ð∞
y

rffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r2 � y2

p PdetðrÞdr
8<
:

9=
; (7:45)

7.2 Mitigation: absence estimation

The estimation of cetacean absence is a typical question for risk mitigation, where
one wants to minimize the impact of anthropogenic activity on whales and
dolphins. During surveys that are aimed at abundance estimates, one covers
some area in a given time, counts the detected animals and estimates the pop-
ulation N or density D. The better the survey is designed, the more accurate will
be the result. Absence estimation, however, is faced with the following problem.
If we survey an area for given amount of time and find an animal, then we know
there is at least one animal in the area. If, however, we do not detect an animal,
we cannot conclude that there is no animal in the area. We simply may not have
observed for long enough to see the animal. This is mainly because animals may
not be detected all the time. For example, a visual observer will miss all
submerged animals, and passive acoustics will not detect animals that are not
acoustically active. Obviously, if one observes long enough in an area that is big
enough to cover the full range of animal’s behaviour, an animal that is present in
the area should be detected with probability close to one and if no animals are
detected, then one may conclude with high confidence that animals are absent.
The question becomes one of how much observation is good enough, and this is a
statistical problem (see, e.g., Peterson and Bayley, 2004).
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Not detecting an animal may be explained by two mutually exclusive situations

* animals are present but not detected
* animals are absent and no decision for presence is made

We may write the total probability of not detecting an animal as

PðC0Þ ¼ PðC0jAÞPðAÞ þ PðC0j 
 AÞPð
 AÞ (7:46)

whereC0 denotes the event that a PAM decision results in the absence of an animal, and A
indicates that one or more animals are present, with ~A meaning that no animals are
present.

What we now want to know is PðAjC0Þ, the a posteriori probability of having one or
more animals present (event A), under the condition that no animal was detected (condi-
tional event C0).

Using Bayes’ theorem

PðC0jAÞPðAÞ ¼ PðAjC0ÞPðC0Þ (7:47)

we obtain for the a posteriori probability

PðAjC0Þ ¼ PðC0jAÞPðAÞ
PðC0jAÞPðAÞ þ PðC0j 
 AÞPð
 AÞ (7:48)

Realizing that PðC0jAÞ is the probability of missing an animal and therefore

PðC0jAÞ ¼ 1� Pdet (7:49)

and that PðC0j 
 AÞ is the correct decision on animal absence, which is related to the
probability of false alarm by

PðC0j 
 AÞ ¼ 1� PFA (7:50)

we may rewrite Equation 7.48 as

PðAjC0Þ ¼ ð1� PdetÞPðAÞ
1� PdetPðAÞ � PFA 1� PðAÞð Þ (7:51)

where we used the fact that animals are either present or absent, that is
PðAÞ þ Pð
 AÞ ¼ 1.

If we assume that the probability of false alarm PFA is very small, as it should be for a
promising PAM system, then we can approximate Equation 7.51 by

PðAjC0Þ ¼ ð1� PdetÞPðAÞ
1� PdetPðAÞ (7:52)

or

PðAjC0Þ ¼ 1� 1� PðAÞ
1� PdetPðAÞ (7:53)

For a given a priori probability P(A) that one or more animals are present in the area of
interest, Equation 7.51 varies with the detection probability Pdet and the probability of
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false alarm PFA. Let both probabilities, Pdet and PFA, be the result of multiple independent
observations M, then we may write

Pdet ¼ 1� 1� pdetð ÞM (7:54)

and

PFA ¼ 1� 1� pfað ÞM (7:55)

where pdet and pfa are the detection and false alarm probabilities of the individual
observations.

Figure 7.2 shows the dependency of the a posteriori probability (Equation 7.51) as a
function of increasing number of independent observations. The detection and false
alarm probabilities of the individual observations are in this example assumed to be
0.3 and 0.1, respectively. For M= zero, i.e. no observation, the result corresponds to the
assumed a priori probability P(A) = 0.2, that is, the probability of finding, without any
observation, a whale in the area is 0.2. As the number of observations increase, the
probability of both detection and false alarm approaches one, but the probability of
animal presence, if none has been detected, decreases from the a priori value towards
zero.

So far, we have considered the number of independent observations as repeated
measurements. The same formula holds, however, if instead of multiple measurements,
we have multiple animal locations, as long as the detections of these animals are

Figure 7.2 Probability of presence when no animal is detected.
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independent events. Therefore,M is really the product of independent measurements and
independent animal locations.

To answer the question about howmany observations one should make to be confident
that the area is cetacean-free, one first needs to establish the a priori probability that there
could be some animals in the area. Further, we need to know both the detection and false
alarm probability of the individual observations, and finally we should have input on the
threshold for the a posteriori probability that must be crossed for considering the area
cetacean-free. Obviously, this last threshold must be determined by policy makers that
are interested in risk mitigation.

7.3 Habitat and behaviour analysis

While abundance and absence estimation aim for a single number (abundance, density, or
probability of absence), recent cetacean research aims to understand why whales and
dolphins are detected at certain locations but not in other parts of the world. In this sense,
habitat analysis is driven by the empirical observation that cetaceans are not uniformly
distributed throughout the world, but their distribution shows spatial and temporal
heterogeneity.

Abundance and absence estimation, discussed before, assumed that the a priori
probability of animal presence is homogeneous throughout the area of interest. Habitat
analysis, on the other hand, assumes that presence or abundance is a function of space and
time. To be able to characterize these spatial and temporal dependences, it is necessary to
carry out multiple measurements both in space and in time.

Habitat analysis can be seen as a modelling effort that has as output abundance or
probability of presence as a function of some describing, or explaining, variables, which
are also called covariates. The temporal and spatial variation of presence, or occupancy,
in a habitat is strongly related to the animal’s behaviour. Temporal variations include
diurnal variation, e.g. different behaviour by day and night, seasonal variation, e.g.
winter versus summer habitat, and also include habitat preferences as function of life
history. Spatial variations are related to food presence, water temperature and geographic
particularities, either directly or via the food chain, but they are also related to different
stages in the animal’s life history.

Typically, habitat analysis tries to correlate survey results, e.g. presence or absence of
animals, with a variety of covariates to establish positive or negative correlation.
Developing proper and efficient sampling strategies may become very difficult if the
number of covariates increases. It seems obvious that the sampling interval has to be fine
enough so that changes in the model variables may uniquely be identified. This require-
ment is equivalent to the Nyquist theorem in data acquisition systems, which requires that
sampling must be fine enough to cover significant features at least twice (one wavelength
covers a significant feature of a sound wave).

Although it is convenient to present habitats finally as maps, that is, as a function of
spatial variables, geographic features are not necessarily a key variable for explaining
habitat occupancies. Habitat usage is mostly driven by animal behaviour and
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consequently it would make sense to select as habitat descriptors variables that may
influence this animal behaviour. To give an example: foraging cetaceans require the
presence of food, and deep-diving sperm and beaked whales forage on deep-sea prey,
e.g. squid. The amount of squid would therefore be a good covariate for assessing the
habitat occupancy of deep divers. However, this example is also a good one to demonstrate
that biologically relevant covariates may sometimes be completely impracticable. It is
already hard to detect deep divers; it is still harder to measure independently the abundance
of deep-sea squid. In fact, some of the deep-sea squid species are mostly known from the
stomach contents of stranded or harvested sperm and beaked whales or other deep divers.

Even if we cannot know such deep-sea biological covariates, it is clear that deep-
diving foraging habitats are less variable in time and more influenced by slowly varying
ocean climatology, contrary to habitats of whales and dolphins that forage most of the
time in shallowwaters and are confronted with diurnal and seasonal changes in the ocean.
Deep-sea currents and consistent upwelling, which bring benthic nutrients into the photic
zone close to the ocean surface, are therefore good candidates for covariates that describe
the foraging habitats of deep divers.

Studying these remote and potentially hostile habitats could become the realm of
autonomous PAM systems that are designed to descend to the foraging layers, carrying
out not only acoustic but also oceanographic measurements. Such autonomous systems
should ideally measure not only the animal’s acoustic activity but also covariates that are
related to the animal’s presence in the sampled habitat, allowing a cost-effective complex
sampling of cetacean habitats both in space and in time.

Modelling covariates
Let x be a vector of K covariates of the habitat description with x ¼ x0; � � � ; xKf g and let
y be somemeasure of the presence of animals in the habitat, which in general is a function
of the covariates

y ¼ fðxÞ (7:56)

The simplest functionality is a linear additive relation (linear additive model), where we
may write

yi ¼
XK
k¼0

βkxki (7:57)

or in matrix notation

y ¼ Xβ (7:58)

Assuming that the inverse ðXTXÞ�1 exists, that is, if the covariates are linearly inde-
pendent, then we obtain the solution by forming the LMS estimate

β ¼ ðXTXÞ�1XTy (7:59)

In cases where the covariates are linearly dependent, the inverse ðXTXÞ�1 does not exist.
If the dependent variables cannot be identified by inspections, than one could use the
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pseudo- or Moore–Penrose inverse to obtain a solution for the covariates, using for
example the pinv function in Matlab, but this would hide potential problems with the
selection of our covariates. As we wanted to describe the habitat with the best choice of
covariates, a direct analysis and treatment of the problems is preferable.

Equation 7.59 describes the ordinary leastmean squares (LMS) regression,which could be
considered as theworkhorse of data analysis, but whichmay be too general for our purpose of
habitat analysis, as there are no limits or constraints on the solution. As the covariates are only
approximations to the true dependencies of the whale presence, the solution of Equation 7.59
may result in unrealistic presence probabilities when reinserted in Equation 7.58. For
example, if the presence measure, or response variable (y in Equation 7.56), corresponds to
the probability pi of detecting a whale, then this probability is constrained to values between
zero and one.A solution based on noisymeasurements of the covariatesmay result in y values
that are outside these boundaries and thereforemeaningless. It is therefore desirable tomodify
the LMS procedure to guarantee meaningful solutions.

To continue with the example, let pi, be the probability of detecting a whale in a given
habitat, then the odds of success, i.e. of finding the whale, are given by the ratio of
probability of success to probability of failure

odds ¼ pi
1� pi

(7:60)

If we now assume that the odds of success are simply the product of exponential
functions of the covariates

pi
1� pi

¼ ∏K
k¼1exp βkxkif g (7:61)

thenweobtaina linear formsimilar toEquation7.57by taking thenatural logarithmof theodds

y ¼ ln
pi

1� pi

� �
¼
XK
k¼0

βkxki (7:62)

The logarithm of the odds of success is also known as the logistic function, or logit of pi. It is
further also called a link function in the terminology of generalized linear models (GLM) as it
provides the relation, or link, between the linear predictor y and the response variable pi.

Using the logit function transforms a response variable that is bound between zero and
one into a linear predictor that may vary between minus and plus infinity, allowing a
straightforward and safe application of the LMS regression as presented in
Equation 7.59.

To generalize the mathematical framework further, software tools have been developed
to replace the simple linear additive model with a generalized additive model (GAM)
(Hastie and Tibshirani, 1990) where Equation 7.57 is replaced by a more general notation

yi ¼
XK
k¼0

fkðxkiÞ (7:63)
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where the different additive components may now be unspecified functions of the
covariates.

In simple terms, GAM does not require the functional dependence of covariates to be
specified, but uses the inter-covariate scatter matrices to generate a generic functional
dependency.

7.3.2 Acoustics and habitat analysis

Different habitats may not only be characterized by discriminating features, but may also
be associated with specific animal behaviour. As there is a relation between acoustic
activity and animal behaviour, acoustics can play an important role in establishing the
behavioural state of the animals in relation to the habitat selection. Using acoustics to
differentiate between foraging and socializing is straightforward for most species, espe-
cially for odontocetes, as the acoustic activity during foraging (echolocation clicks) is
easily differentiated from social sounds (whistles, stereotyped clicks, etc.). Autonomous
passive acoustic systems may be especially suited to monitoring the acoustic behaviour
of the animals without observer interference over long timescales and in large areas.

7.4 Monitoring rare and elusive species

In most survey methods, statistical analysis plays an important role in inferring the
presence of missed objects. This may be the case when the area inhabited by the species
of interest is too large to be surveyed completely, or when the species is not available for
detection (a silent whale cannot be detected by listening), or when the detection perform-
ance of the monitoring system is not perfect. In other words, the number of detected
animals n is related to the number of existing animalsN by Equation 7.2. Animals may be
considered as rare and elusive, at least for the purpose of surveys, if one of the three
probabilities in Equation 7.5, i.e. Parea, Pavail or Pdet, is very small, resulting in a very
small overall detection probability PN.

A small PN is not desirable for at least two reasons. First, owing to lack of successful
detections, it is difficult to estimate the true value of PN. Second, the remaining uncer-
tainties in the estimate of PN result in such a variation of the abundance estimate that the
survey lacks confidence.

It seems obvious that, depending on which of the three probabilities drives the overall
detection probability down, there should be a different approach to increase this overall
detection probability to reasonable values. As the conditional detection probability Pdet

describes essentially the system performance, improving it requires a change in the setup
of the detection procedure. The other two probabilities, Parea and Pavail , may be improved
by operational changes, that is, by adapting the survey to the particularities of the
monitored species.

The probability of covering an animal may easily be improved by increasing the
number of sample units, i.e. by covering better the habitat occupied by the animal. This is
easier said than done and the reasons why the whole area is not surveyed are manifold.
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Surveys can be very expensive and this is especially true for ship-based surveys with
continuous coverage of the suspected habitat. The survey cost may be reduced if a priori
information on the species habitat exists and when the survey is adapted to the expected
habitat by proper stratification of the survey. Stratification of the survey then allows a
better use of resources without introducing biases in the monitoring task. If the species is
highly mobile, and most cetaceans are mobile, then one could increase the probability of
encountering an animal while reducing the survey cost, by placing PAM systems at
selected locations and counting the animals that are passing by these listening stations.

The probability that animals are available for detection depends on the animals’
behaviour, that is, when they are acoustically active and when silent. In the case of
PAM the probability may be improved by listening for long enough to bridge the time
span when animals are silent. The need to listen for extended periods implies, however,
either slowly moving surveys, or stationary systems. As a rule of thumb, one can state
that the maximal encountered speed (animal + sensor) should be less than the quotient
that results from dividing the diameter of the detection area by the time for which the
animal is expected to be silent.

Having stationary or slowly moving PAM systems may, however, be subject to a
biased estimate of animal presence/abundance, as the risk of multiple encounters of the
same animal exists. Again, the expected behaviour of the species of interest is key to
determining the sampling strategy.

Overall, the total detection probability may be increased by adapting the survey
strategy (duration and locations of sampling) to the animal’s behaviour. If this behaviour
is known to depend on covariates then statistical analysis is facilitated if the sampling
densities correspond to the expected statistics of the covariates.

7.5 Logging acoustic information

PAM applications are notorious for producing a vast quantity of data; the collection of
terabytes of acoustic data is not uncommon during a month-long acoustic survey. Good
acoustic information logging facilitates not only data processing post-survey, but may
provide the proper detection history that is required by the PAM application.

Acoustic logging collects the occurrence of specific acoustic events and should contain
three different types of information: meta data describing the context of the event (e.g.
time of event, location of the observer, depth of receiver), description and status of PAM
system (e.g. individual carrying out the PAM operation, on or off effort, relevant PAM
characteristics, environmental conditions), and acoustic description of event (e.g. type,
loudness, duration, quantity of sound, direction or location of sound source).

Associating locations with acoustic events allows the use of GIS (geographic infor-
mation systems) to visualize acoustic detections in an intuitive way. Even if the location
of the animal is the datum of interest, it is also important to log continuously the location
of the observer. This allows us not only to assess the effort of the PAM operations but also
to have an approximate estimate of the animal’s location in case the PAM system fails to
provide a precise animal location.
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Logs are usually products that are generated by human observers, but they may also be
produced by automated data processing schemes. In fact, a log could be considered as
useful if the elaboration of the logged information does not require human intervention
but can be carried out by computer software. One of the most important aspects in
designing a logging tool is to standardize the way in which events are recorded. This is of
particular relevance if different operators are involved in the PAM application, as differ-
ent logging styles may impede efficient analysis of the acoustic information log.

As expected, logging of acoustic information can be done in different ways. A
straightforward method is to timestamp sequentially every single event. This is easily
implemented and very flexible, and much of the work may be delegated to the computer.
Locations of the PAM system, for example, could be acquired continuously from GPS
receivers and it is therefore easy to log the PAM position at regular intervals. Timestamp
logging of acoustic events is practicable if the events are either rare or well defined (e.g.
start of a click train) and may become difficult when the event is not well defined, or only
known in hindsight. For example, it is sometimes not easy to establish when an
echolocation click train of a sperm whale has ended, as sperm whales regularly interrupt
the echolocation click trains by more or less extended pauses. In addition, if multiple
events occur in a short time the logging effort for human operators may be too high to be
practicable.

An alternative logging method is to aggregate the information during short periods,
and to report at regular intervals, say every minute, only a summary of the events of
interest. This procedure is easier for the human operator, especially if the quality and
quantity of the report is limited and restricted to the information of interest. The method is
furthermore suited for autonomous PAM systems where the communication bandwidth
is limited. To generate aggregate logs one needs, however, the complete DCLT signal
processing chain, the implementation of which may or may not be easily available.
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8 Detection functions

We saw in the previous chapter that the detection function g(r) plays an important role in
assessing the population density by using survey methods. This function reflects the
observation that the surveyed objects, here acoustically active whales and dolphins, are
harder to detect if they are at greater distances or, equivalently, that the detection
capability of any observer is usually limited in range.

8.1 Empirical detection function

There is a variety of methods for obtaining the detection function, but in most survey
applications, one starts with empirical histograms of detected whales as a function of
distance from the observer and obtains the detection function g(r) by fitting an appro-
priate model to the data.

To model the detection function, the data are frequently approximated by a hazard
function

gðrÞ ¼ 1� exp � r

σ

� ��b
� �

(8:1)

where the two parameters b and σ are to be estimated by fitting the hazard function to the
empirical detection function, or histogram.

Alternatively, a half-normal function may be used

gðrÞ ¼ exp � 1

2

r

σ

� �2� �
(8:2)

where both functions (Equations 8.1 and 8.2) are defined only for positive ranges r.
Whereas the hazard function has two parameters for fitting the model to the empirical

detection histograms, the half-normal model has only one parameter, reducing its
flexibility to fit the data. If more parameters are needed to better fit the data, the selected
basic detection function could be extended by multiplying it with a series of corrective
terms (Buckland et al., 2001).

The detection functions as modelled by Equations 8.1 and 8.2 are really conditional
probabilities as they imply that the objects are detectable, if the whales are within the
survey area and acoustically active in the case of PAM. This can be seen from the fact that
both models become one at zero ranges, g(0) = 1. This makes sense, as the purpose of the
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detection function is to characterize the performance of the observer and not the
behaviour of the surveyed objects. A g(0) < 1 may be modelled by multiplying
Equations 8.1 and 8.2 by a constant g0 < 1.

8.2 LMS parameter estimation

Given an empirical detection function in the form of a histogram h(r) and a modelled
detection function g(r; q) where q is a vector of parameters that should be estimated, then
we may define the mean square error E(q) by

EðqÞ ¼
ð∞
0

hðrÞ � gðr; qÞð Þ2dr (8:3)

The LMS parameter estimation obtains a best estimate of the parameters q, say q̂, by
minimizing the quadratic error

Eðq̂Þ ¼ min
q

EðqÞf g (8:4)

The solution vector q̂ may be found via an exhaustive search, with standard gradient
methods, or by other LMS techniques.

If the model is a non-linear function of the parameters, then the parameter estimation
becomes somewhat complex, but most data analysis tools provide a means to carry out a
non-linear least squares fit.

8.3 Sonar equation-based modelling of the detection function

While mathematically useful for theoretical analysis, the hazard function, or other
functions that approximate the detection function, do not provide satisfactory insight
into, or allow assessment of the detection process. This may not be necessary for the sole
estimation of abundance, but may be useful in guiding the improvement of survey
instrumentations. For example, PAM uses more or less sophisticated technology where
different technical parameters may have different impacts on the detection function, and
it would be desirable to have a feedback from the application for improvements in the
system design. Modelling the detection function may also be necessary when attempting
to estimate habitat-dependent covariates, because it is then necessary to differentiate
between habitat covariates and PAM system parameters.

From the sonar equation we know that an acoustically active whale may be detected
if the signal-to-noise ratio (SNR) of the received sound exceeds a given threshold
TH, that is, the detection function is nothing else than the probability that the SNR
exceeds TH
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gðrÞ ¼ PdetðrÞ ¼ Pr SNRðrÞ4THf g ¼
ð

x4TH

wSNRðx; rÞdx (8:5)

where wSNRðx; rÞ is the PDF of SNR at the range r and where the integral runs over all
SNR values (variable x) that exceed TH.

Using the sonar equation for passive sonar (Equation 3.2), wemay expand the received
SNR

SNRð#; rÞ ¼ SLð#Þ � TLðrÞ �NL0 � 10 logB (8:6)

where array and processing gain (AG, PG, respectively) have been set to zero for
simplicity.

Before presenting the formula for the probability of detection, it is convenient to
introduce a term that in sonar applications is called signal excess, SE, which is the
difference between received SNR and the detection threshold TH:

SEð#; rÞ ¼ SNRð#; rÞ � TH

¼ SL0 �DLð#Þ � TLðrÞ �NL0 � 10 logB� TH

¼ FOM0 � TLðrÞ �DLð#Þ
(8:7)

where SL0 is the on-axis, or nominal, source level. FOM0 is what is called the figure of
merit of the PAM system, combining source and system quantities.

We may realize that in terms of Equation 8.7 detections only occur if FOM0 exceeds
the sum of propagation loss TL(r) and off-axis attenuation DLð#Þ. As mentioned in
Chapter 3, this off-axis attenuation is especially relevant for echolocation clicks. There
are good reasons why this may be not the case for communication signals, the calls of
baleen whales and the whistles of dolphins, but this has not been well quantified. For the
time being, we consider the most general case of possible off-axis attenuation.

As acoustically active whales may have a variable (on-axis) source level we should
also consider the nominal source level SL as a random variable centred around SL0 with
PDF wSL(x), where x varies over all possible source levels. By varying the source level,
the FOM is no longer constant but becomes a function of the source level. As we may
assume that the source level variation is independent of the off-axis angle, we estimate
the effective detection probability by integrating over all possible source levels

gðrÞ ¼
ð∞
�∞

wSLðxÞPr FOMðxÞ � TLðrÞ4DLð#Þf gdx (8:8)

To estimate the probability Pr FOMðxÞ � TLðrÞ4DLð#Þf g that the on-axis signal
excess exceeds the off-axis attenuation we need to quantify the off-axis distribution
wOAð#; rÞ, so that

Pr FOMðxÞ � TLðrÞ4DLð#Þf g ¼
ð

FOMðxÞ�TLðrÞ4DLð#Þ

wOAð#; rÞd# (8:9)

Inserting Equation 8.9 into Equation 8.8, we obtain for the detection function

Modelling the detection function 261



gðrÞ ¼
ð∞
�∞

wSLðxÞ
ZDL�1ðFOMðxÞ�TLðrÞÞ

0

wOAð#; rÞd#

0
B@

1
CAdx (8:10)

where the variable x runs over all possible source levels and the off-axis angle # varies
from zero (on-axis) to the maximal value given by the DL−1 function.

In order to model the detection function in terms of the sonar equation we have to
specify two distribution functions: wSL(x), which is the PDF of the on-axis source level,
and wOAð#; rÞ, the PDF describing the off-axis distribution. It should be noted that the
detection function depends on range r via the range-dependent TLðrÞ and also the range-
dependent off-axis PDF wOAð#; rÞ.

For the on-axis source level, it is convenient to assume that the PDF is normally
distributed around a nominal average value SL0 and standard deviation σSL

wSLðxÞ ¼ 1ffiffiffiffiffi
2π

p
σSL

exp � 1

2

x� SL0

σSL

� �2
( )

(8:11)

This Equation 8.11 is a suitable model if no better information becomes available on the
distribution of the source level. In cases where more insight into the sound generation
process indicates deterministic or statistical features, modifications to Equation 8.11
could be necessary. A source level variation of ± 10 dB is frequently observed for
echolocation clicks, resulting in a σSL of about 5 dB (10 dB = 2 σSL).

8.3.1 Modelling the off-axis attenuation

Obviously, the off-axis PDF is only of interest if the sound sources are directional and not
omni-directional. This is especially appropriate for echolocation clicks used for foraging,
as communication signals are expected to be broadcast without (or with minimal) direc-
tional preference.

As shown in Section 3.2, the off-axis attenuation of a typical broadband echolocation
click may be approximated by

DLð#Þ ¼ C1
C2 sin#ð Þ2

1þ C2 sin#þ C2 sin#1ð Þ2 0 � # � π
2

(8:12)

whereDL is measured in dB and C1 and C2 are two parameters to be estimated either from
the detection data or independently. Typical values areC1 = 47 dB andC2 = 0.218ka, where
ka is related to the expected directivity index (Equation 2.24). As a directivity index of
25 dB is a reasonable assumption for most echolocating whales and dolphins, an off-axis
attenuation that ismodelledwith ka= 17.8, as shown in Figure 3.1, may even be considered
as a universal first estimate.

Obviously, we have

0 � DL5DLmax (8:13)

where
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DLmax ¼ C1
C2

2

1þ C2 þ C2
2

(8:14)

as the off-axis attenuation varies for angles between zero and 90°. For angles that exceed
90°, that is, for off-axis angles behind the animal, we assume the off-axis attenuation to
be constant and equal to the value at 90°. This last assumption is only justified in absence
of better knowledge. It may very well be that signals received behind the animal are
attenuated by the animal’s body. In addition, the assumption does not hold for the sperm
whale, where sound is originally transmitted backwards, resulting in different directivity
patterns and therefore different off-axis attenuation for each pulse within the clicks.

To integrate Equation 8.10, we need the inverse function of the off-axis attenuation,
that is, we need a function that results, for any off-axis attenuation, in the off-axis angle.
For this, we solve Equation 8.12 for the angle # and obtain

#ðDLÞ ¼ DL�1ðDLð#ÞÞ

¼ sin�1 1

2C2

DL

DL� C1

� �
�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� 4

DL� C1

DL

� �
�1

s( ) !
(8:15)

which is valid for DL < DLmax.

8.3.2 Off-axis distributions of echolocation clicks

Limiting the following discussion to directional echolocation clicks, we should differ-
entiate two cases. First, we estimate the detection probability of an arbitrary click;
second, we consider the detection probability of the clicks when the animal points
generally towards the receiver, that is, when we expect to receive the loudest clicks.

Detecting an arbitrary echolocation click
If we assume that there is no preference in the off-axis angle and that the angles #

between click and hydrophone directions are uncorrelated then the off-axis angle #

should be uniformly distributed on the sphere, suggesting that the off-axis distribution
of arbitrary clicks may be modelled as

wOA Að#Þ ¼ 1

2
sin# (8:16)

Equation 8.16 is the exact distribution function for off-axis angles that are uniformly
distributed on the sphere and real distributions may differ somewhat, but Equation 8.16 is
a reasonable first approximation.

Detection of near on-axis echolocation clicks
The loudest clicks are detected if the animal moves or points towards the receiver, that is,
if the receiver is on-axis with respect to the whale orientation. As echolocating whales or
dolphins are searching for food, it is intuitive to assume that the animal will illuminate a
forward sector that is somewhat larger than the acoustic beam-width. This will result in
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small variations in off-axis values around the main acoustic beam direction. This
variation may be due to small oscillating changes in swim direction or explicitly
generated by head motion.

To model these small deviations of acoustic beam directions, we assume that the head
is moving randomly relative to a main acoustic axis (or nominal on-axis). We assume
further that the searching animal moves the head without horizontal or vertical prefer-
ence; then it is convenient to describe the head motion by a two-dimensional Gaussian
distribution around the nominal on-axis. The resulting off-axis values will therefore be
Rayleigh distributed:

wOA Hð#Þ ¼ #

σH2
exp � 1

2

#

σH

� �2
( )

(8:17)

Equations 8.16 and 8.17 present two different ways of modelling the off-axis distribu-
tion, indicating the importance of the definition of the objective of the detection process.
As these off-axis statistics depend on the way in which we treat the echolocation clicks, it
seems obvious that the detection function will depend on the implemented signal
processing method. In particular, we expect that the general form of the detection
function will be application- and receiver-specific. This lack of generality indicates that
it will be difficult to specify a single detection function for all PAM applications. On the
other hand, using the particularities of the PAM system would allow an improved or even
optimal design of the detection function.

8.3.3 Sonar equation based detection function

Considering the case where we are interested in the detection of any echolocation click,
that is, we use Equation 8.16 for the off-axis PDF, we obtain for the integral of
Equation 8.9

ðDL�1ðFOMðxÞ�TLðrÞÞ

0

sinð#Þd# ¼ 1

2
1� cos DL�1ðFOMðxÞ � TLðrÞ	 
	 


(8:18)

where FOM(x) – TL(r) is limited to values less than DLmax. For values greater than
DLmax, that is, the whale will be detected from all angles, and Equation 8.18 should
integrate to one.

The on-axis figure of merit FOM(x) as defined implicitly in Equation 8.8, may be
written as

FOMðxÞ ¼ x� ðNL0 þ 10 logBþ THÞ
¼ x� F0

(8:19)

that is, we separate the variable source level from constants that describe environmental
and PAM system parameters. The nominal figure of merit is then given by letting the
variable x become the nominal source level SL0
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FOM0 ¼ SL0 � F0 (8:20)

Before proceeding with the integration of Equations 8.9 or 8.10, it is convenient to
differentiate three cases:

x5F0 þ TLðrÞ (8:21)

where no detection is possible;

F0 þ TLðrÞ5x5F0 þ TLðrÞ þDLmax (8:22)

where Equation 8.18 applies; and

x4F0 þ TLðrÞ þDLmax (8:23)

where detection always occurs, so that we obtain for the detection function

gðrÞ ¼
ð∞

F0þTLðrÞþDLmax

wSLðxÞdx

þ
ðF0þTLðrÞþDLmax

F0þTLðrÞ

wSLðxÞ
ðDL�1ðx�F0�TLðrÞÞ

0

wOAð#; rÞd#

0
B@

1
CAdx

(8:24)

where the integral that corresponds to Equation 8.21 has been omitted from the equation
as it does not contribute to the detection function.

Now using Equation 8.18, we obtain

gðTLÞ ¼
ð∞

F0þTLþDLmax

wSLðxÞdx

þ 1

2

ðF0þTLþDLmax

F0þTL

wSLðxÞ 1� cos DL�1ðx� F0 � TLÞ	 
	 

dx

(8:25)

where we use the fact that the transmission loss TL is now the only function of range and
that it is convenient to consider the detection function as a function of permissible TL and
not as a function of range r to emphasize that the integral may be carried out without
knowledge of the functional dependences of the transmission loss.

With the following notation

ð∞
x0

wSLðxÞdx ¼ Fðx0Þ (8:26)

we may write the detection function as
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gðTLÞ ¼FðF0 þ TLþDLmaxÞ

þ 1

2

ðF0þTLþDLmax

F0þTL

wSLðxÞ 1� cos DL�1ðx� F0 � TLÞ	 
	 

dx

(8:27)

or, by letting u ¼ x� F0 � TL

gðTLÞ ¼ FðF0 þ TLþDLmaxÞ

þ 1

2

ðDLmax

0

wSLðuþ F0 þ TLÞ 1� cos DL�1ðuÞ	 
	 

du

(8:28)

The detection function is composed of two components, one integrating over all source
levels for which detections occur, independent of off-axis angles, and a second term that
handles the cases where the off-axis angles matter.

Using the Gaussian source level distribution (Equation 8.11) and with Equation 8.20,
we obtain

wSLðuþ F0 þ TLÞ ¼ 1ffiffiffiffiffi
2π

p
σSL

exp � 1

2

uþ TL� FOM0

σSL

� �2
( )

(8:29)

With a nominal FOM0 = 116 dB and a standard deviation of σSL = 5 dB we obtain a
probability of detection that is shown in Figure 8.1.

Up to a transmission loss of about 70 dB, that is, for TL < FOM0 −DLmax, all clicks are
detected and for transmission loss greater some 116 dB, or TL > FOM0, none of the clicks
is detected. Increasing FOM0 will shift the whole curve to the right; decreasing FOM0

will shift the curve to smaller TL values. Figure 8.1 is strictly related to the PAM system
parameters and holds for all variations in the system description, as long the FOM0

remains the same. Ignoring the off-axis attenuation (the solid line in Figure 8.1) results in
a reasonable estimate for the situation where all clicks are detected, but underestimates
the TL for which no clicks are detected. This is to be expected, as higher permitted TLwill
always result in greater detection ranges.

Using, for the transmission loss estimation, a spherical spreading law with an absorp-
tion coefficient of 9.5 dB/km, which is typical for 40 kHz signals, Figure 8.1 translates
into Figure 8.2, where the detection function is plotted as a function of range.

The advantage of using the sonar equation to model the detection function is that it
immediately gives a feeling for what the PAM system can achieve and what will be hard
to implement.

The detection function presented in Figure 8.2 is similar to a hazard function

hðrÞ ¼ 1� exp � r
1647

	 
�4:531
n o

, which, however, provides less insight into the detection

performance of the PAM system. Only the 1647m indicates the range where the hazard
function becomes 0.63.
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Figure 8.2 Detection function g(r) for a nominal FOM0 of 116 dB. The dashed line is an approximation of a
hazard function to the modelled detection function.

Figure 8.1 Detection probabilities as function of allowed transmission loss. The dashed curve indicates the
first component of Equation 8.27, the thin curve the second component of the equation and the thick
curve the sum of both components.
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Matlab code for Figures 8.1 and 8.2
%Scr8_1
%
TL=(0:0.1:180)';
%
FOM=116;
%
C1=47;
C2=0.218*17.8;
DL_max=C1*C2^2/(1+C2+C2^2);

%Gaussian weighting
sig=5;
Wx=@(x,xo) . . .

1/(sqrt(2*pi)*sig)*exp(-1/2*((x-xo)/sig).^2);

dx=0.1;
x=0:dx:(FOM+DL_max+4*sig);
%FOM+DL_max+4*sig is assumed to be infinity
%
g1=0*TL;
for ii=1:length(TL);

W=Wx(x+TL(ii),FOM-DL_max);
g1(ii)=sum(W)*dx;

end
%
th=asin(1/(2*C2)*(x./(x-C1)). . .

.*real(-sqrt(1–4*((x-C1)./x))-1));
%
th(1)=0; % for x=0;
th(x>=DL_max)=pi; % for x>=DL_max
%
x2=x(x<DL_max);
x3=x(x>=DL_max);
th2=th(x<DL_max);
g2=0*TL;
g3=0*TL;
for ii=1:length(TL)

W2=Wx(x2+TL(ii),FOM);
g2(ii)=0.5*sum(W2.*(1-cos(th2)))*dx;
W3=Wx(x3+TL(ii),FOM);
g3(ii)=sum(W3)*dx;

end
gr=g3+g2;

%inverting the spherical spreading law
R=1:0.1:6000;
TLR=20*log10(R)+9.5*R/1000;

r=interp1(TLR,R,TL);
y=real(log(-log(1-gr)));
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x=log(r);
%yo=log(-log(1–0.6321));
yo=0;
i1=find(y<=yo,1,'first');
alpha=(y(i1)-y(i1–1))/(x(i1)-x(i1–1));
x0=x(i1–1)+(yo-y(i1–1))/alpha;
r0=exp(x0);
%
figure(1)
plot(TL,g3,'k––',TL,g2,'k-')
line(TL,gr,'color','k','linewidth',2)
ylabel('Probability')
xlabel('TL [dB]')
ylim([0 1.1])

figure(2)
plot(r,gr,'k','linewidth',2)
line(r,1-exp(-(r/r0).^alpha),. . .

'color','k','linestyle','––','linewidth',2)
ylabel('Probability')
xlabel('Range [m]')
ylim([0 1.1])
title(sprintf('r_0 = %.0f alpha = %.3f',r0,alpha));
return

8.4 Modelling animal behaviour

The animal’s behaviour enters the detection function in two instances: the acoustic
activity determines the detection opportunities, as only acoustically active animals may
be detected by PAM systems; and the animal’s motion determines the off-axis distribu-
tion, which is part of the model for the detection function.

Whales and dolphins move in the oceans for a specific purpose (e.g. migration,
foraging, socializing, resting), that is, an animal may be in one of its multiple behavioural
states. It is reasonable to assume that these states are mutually exclusive, and that at any
moment in time an animal will be in one of these behavioural states. It is therefore
possible to define a state vector describing the probability that an animal may be found in
one of the behavioural states. Table 8.1 gives a possible state vector of a hypothetical
animal.

Table 8.1 Behavioural state vector of a hypothetical animal

Resting Socializing Migrating Foraging

10% 10% 10% 70%
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It seems further obvious that the animal may change its behavioural state. If we
compile the probabilities of possible transitions into a table then we obtain a transition
table. Table 8.2 gives the transition matrix for a hypothetical animal. The different rows
describe the transition probability from the indicated state to all other states. Obviously,
the sum of all probabilities in each row must add up to 100%. Animals will always
transition from the actual state to another behavioural state. For example, the table gives
40% probability that the hypothetical animal will start foraging after having rested.

It is clear that the behavioural state vector is always somewhat arbitrarily defined and
that the differences between the different states are not always clearly recognizable.
Although the animal’s behaviour, as described in Tables 8.1 and 8.2, seems plausible, it
may not be the best characterization for the purpose of PAM performance analysis. As we
are concerned with the acoustic detection of cetaceans, we may reduce the behavioural
states of the animals to acoustically active and inactive, or silent, as shown in Table 8.3.

A transition table is not necessary for such a binary behavioural state vector, as the
transitions occur with 100% probability. Acoustic state tables for cetaceans that exhibit
different types of sound emission must differentiate these sound classes and also provide
a transition matrix, or restrict themselves to the sound category of interest, that is, the
sound class used for detecting the species. For example, if a characteristic up-call is used
to detect right whales, say by using a matched filter, then the acoustic state vector should
compare the times when we may detect right whale up-calls to the times when the
detector should remain silent. Obviously, the animal may emit other types of sound,
e.g. tonal moans, but for the PAM system that is tuned to detect up-calls, the whale is
silent. The same observation holds for dolphin whistles versus echolocation clicks, etc.

To estimate the impact of silence on the detection function we consider the detection
probability of a whale passing a PAM system at a distance y (Equation 7.37), which is
given by

hðx; yÞdx ¼ Prfdetection in interval ½xþ dx;x�g (8:30)

In order to be detected the whale must be acoustically active, but we cannot know when
the passing animal initiates its acoustic active phase. However, if the whale is moving

Table 8.2 Transition matrix between behavioural states

Previous\Actual Resting Socializing Migrating Foraging

Resting 0% 50% 10% 40%
Socializing 50% 0% 10% 40%
Migrating 5% 35% 0 60%
Foraging 5% 5% 90% 0

Table 8.3 Simplified acoustic state vector

Loquacious Silent

70% 30%
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slowly enough it should become acoustically active with high probability during its
passage.

The probability of not having detected the whale at position (x + dx, y) depends now on
the acoustic state of the animal, whether the animal is acoustically active or not

Qðxþ dx; yÞ ¼ Qðx; yÞ 1� hðx; yÞdxð ÞPac þ ð1� PacÞ½ � (8:31)

or

Qðxþ dx; yÞ ¼ Qðx; yÞ 1� Pachðx; yÞdxð Þ½ � (8:32)

where Pac is the probability that the animal is acoustically active, which is assumed to be
independent of the location (x, y), and h(x, y) is the PDF of detecting an acoustically
active animal at location (x, y).

Equation 8.31 states that a whale remains undetected, either if it is not acoustically
active ð1� PacÞ, or it is not detected while acoustically active 1� hðx; yÞdxð ÞPac.
By integrating Equation 8.32 we obtain the detection function

gðyÞ ¼ 1� exp �Pac

ð∞
�∞

hðx; yÞdx
8<
:

9=
; (8:33)

8.4.1 Acoustic activity of cetaceans

Describing the acoustic activity of cetaceans with a binary state variable seems rather
simplistic. In fact, the early chapters of this book reveal an enormous complexity in
cetacean sound. However, little information exists that relates specific acoustic activity to
animal behaviour. This is mainly due to the difficulty of documenting and studying
acoustics in synchronywith other behavioural aspects. The classical audiovisual methods
are only suited for animals that are kept in captivity or that spend most of their time at or
close to the surface. For underwater acoustic activity, especially during deep dives, new
technology is needed. The appearance of complex electronic tags that record both audio
and motion behaviour helped to give insight into the behavioural context of acoustic
activities. Among popular audio tags are the digital acoustic recording tags (DTAG)
developed at WHOI (Johnson and Tyack, 2003) and the bioacoustic probes (Bprobe)
developed by Burgess et al. (1998). By recording the sound emitted, or received, by the
tagged animal in synchrony with its motion, conclusions may be reached regarding the
acoustic activity in a realistic, nearly undisturbed behavioural context. How far tagged
animals behave normally depends on the dimension of the tag in relation to the size of the
animal, and on the design of the tag. Technological advances in electronic miniaturiza-
tion in recent years have allowed the tag developers to overcome size constraints and to
develop tags that are also suited for the smallest cetacean species.

As acoustic tags have been developed only recently, and as their deployment on free-
ranging cetaceans is still more an achievement than day-to-day practice, analysing the
acoustic behaviour of wild cetaceans is still in its infancy and statistical results on
acoustic behaviour are scarce.
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Based on preliminary DTAG analysis, Table 8.4 presents indicative acoustic state
vectors for three non-whistling whales: sperm whale (Pm), Cuvier’s beaked whale (Zc)
and Blainville’s beaked whale (Md). The restriction to non-whistling toothed whales
allows us to take echolocation clicks as sole acoustic events.

8.5 Modelling the influence of animal motion

We have seen that animal motion influences the detection function via range and off-axis
dependences. Ideally, one wants to use a closed expression for off-axis distributions
w#ð#; rÞ, similar to the ones given in Section 8.3, but such formulas may not always be
obtainable, because the off-axis angle is generally a complicated function of different
parameters, as shown next.

The animal’s motional behaviour, that is, the three-dimensional motion during acous-
tic activity relative to the location of the PAM system, determines the off-axis angle # as
follows

#ðγ; β; �Þ ¼ cos�1 sin γ cos β cos � þ sin β sin �ð Þ (8:34)

where γ is the whale’s aspect or heading (measured clockwise relative to the observer),
β represents the whale’s pitch (positive pitch is measured upwards), � is the elevation
angle of the hydrophone as seen from the whale, which is given by

� ¼ tan�1 d� h

RH

� �
(8:35)

where d is the depth of the whale, h is the depth of the hydrophone and RH is the
horizontal range from whale to hydrophone.

As, by convention, whale and hydrophone depth are expressed with negative values,
the elevation angle is positive if the whale is at a shallower depth than the hydrophone.

8.5.1 Distribution models for depth, pitch and heading

In the following, we consider only echolocating whales and dolphins that forage at a
certain depth and assume that the three quantities, animal depth, pitch and heading, may
be described by random variables (Zimmer et al., 2008).

Table 8.4 Selected acoustic state vectors

Species Loquacious Silent Reference

Pm 58% 42% Watwood et al., 2006
Zc 26% 74% Tyack et al., 2006
Md 19% 81% Tyack et al., 2006
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First, we model the whale depth during a dive as normally distributed around a mean
foraging depth d0.

wðdÞ ¼ 1ffiffiffiffiffi
2π

p
σd

exp � 1

2

d� d0
σd

� �2
 !

(8:36)

The distribution of whale pitch is conveniently modelled as a circular normal, or von
Mises, distribution (Fisher, 1993) above and below the horizontal:

wðβÞ ¼ 1

2πI0ðκÞ exp κ cosðβÞð Þ (8:37)

where κ is a parameter related to the variance of the distribution by
varðβÞ ¼ 1� I1ðκÞ2=I0ðκÞ2, and Ij(x) is the modified Bessel function of order j.

The heading distribution of a general dive can be modelled as a superposition of two
circular normal distributions relative to a mean whale heading γ0 and γ0 +180.

Such dual-modal distributions allow for the inversion of the whales during their
foraging activity; that is, the animals are allowed to exploit the prey patch by moving
back and forth.

If we assume that the vertical and horizontal search patterns of the animal are
equivalent, then one could use the same parameter for both the pitch and the heading
distribution.

wðγÞ ¼ 1

2πI0ðκÞ u exp κ cosðγ� γ0Þð Þ þ ð1� uÞ exp �κ cosðγ� γ0Þð Þf g (8:38)

The parameter u controls the proportion of track inversion by the whale and is between
zero and one. As the general orientation of the hydrophone with respect to the whale
motion is unknown, we assume γ0 to be uniformly distributed in the range −180° < γ0
< 180°.

The actual foraging behaviour is very poorly understood for most cetaceans, and only
in recent years have behavioural tags started to reveal how whales and dolphins move
while foraging. Equation 8.38 was found to describe reasonably well the foraging
behaviour of Cuvier’s beaked whales (Zimmer et al., 2008). One should expect that the
continuing tag-based analysis of animal behaviour will augment our detailed knowledge
of animal motion and will improve its statistical description.
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9 Simulating sampling strategies

This chapter introduces computer simulation as a technique to emulate real-world PAM
and should demonstrate that simulations are useful not only to generate data, but also to
analyse the system’s performance.

PAM is really a field effort where one takes a single hydrophone or an array of
hydrophones, embarks on a boat or ship, moves over the oceans in a hopeful, well-
planned way and collects data to detect the presence or assess the absence of acoustically
active whales and dolphins.

Simulation implies experimentation also, but instead of using a real-world PAM
system, we use a computer and experiment with a model of the PAM application.
The term model in this context means that we deal with a simplified description of
the real-world system, where the simplifications are in general made to allow easy
discussion of the result. The distribution models for whale depth, pitch and heading,
presented in Section 8.5.1, are such simplifications. Similar to real-world applica-
tions, computer simulations will generate different results each time they are
executed.

Using models as a substitute for real-world systems has a consequence that the results
are only indicative of real-world results. If our model parameters are not a reasonable
characterization of the real-world system, then we should not expect the simulation
results to be realistic.

The simulations we will be using in this chapter involve the sampling of values of
stochastic variables from their distributions. To become more specific, recall the detec-
tion probability (Equations 7.14–7.16), which when combined read

n ¼
Z∞
0

nðrÞdr ¼NPN ¼ N

Z∞
0

wriðrÞgðrÞdr (9:1)

with N being the number of animals, wri(r) being the PDF of encountering an animal at
range r and g(r) being the detection function, or the probability of detecting this animal at
range r. The detection function is here assumed to be only a function of the range/distance
to the animal.

As we have seen in the previous chapters, the detection function may be formulated in
different ways. For example, Equation 7.13 gives
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gðrÞ ¼
Z∞
0

wr0ðyÞδðr5yÞdy (9:2)

The purpose of the simulation is then twofold: to generate samples that emulate the
animal distribution PDF wri(r) and to implement the detection process δðr5yÞ for each
simulated sample.

In the following, we will first simulate a point survey, which is relatively easy to
implement without generating trivial results. Being a straightforward example, the point
survey of a uniformly distributed object in combination with a half-normal detection
function could be assessed without stochastic simulation. However, other and more
specific detection functions may be implemented. In fact, complex models for detection
functions are one of the main reasons for simulations.

9.1 Modelling a point survey detection probability

Before we simulate a point survey, we should obtain some idea of what type of data we
should expect from the simulation for a point survey. This can be done in a deterministic
way without the use of random variables.

Assume some animals to be uniformly distributed in a circular area of interest having a
radius of Rmax = 7000m. The probability density function for having an animal at a
distance r from the observer is then proportional to the distance

wriðrÞ / r (9:3)

To obtain the proportionality constant, we note that by definition the animals of interest
are not outside a circle with radius Rmax, and we obtain for the presence PDF of each
individual

wriðrÞ ¼ 2r

Rmax
2
; for r5Rmax (9:4)

and

wriðrÞ ¼ 0; for r4Rmax (9:5)

To describe the sensor performance we assume for simplicity that the detection range r0 is
normally distributed with a standard deviation σ = 800m around a mean value r0 =
4000m

wr0ðrÞ ¼ 1ffiffiffiffiffi
2π

p
σ
exp � 1

2

r� r0
σ

� �2� �
(9:6)

resulting in a detection function that is shown in Figure 9.1. Using the 3σ criterion, we
may already note from the figure that at short ranges (<1600m), all animals are detected,
at a range of 4000m 50% of the animals should be detected, while for ranges greater than
6400m hardly any animals will be detected.
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The number of animals detected in a range interval dx now becomes

nðrÞ ¼ NwriðrÞgðrÞdx (9:7)

which is depicted in Figure 9.2 for N = 100 and dx = 500m.
We note that initially the expected number of detected animal increases linearly, but at

greater distances the expected number of detected animals should drop back to zero.
Integrating over all ranges, we obtain the expected total number of detected animals,

which becomes n = 33.9 animals, resulting in a overall detection probability PN = 0.34,
that is, for every animal detected in the search area there will be about two animals that
are missed.

A total detection probability of 34% results in an effective detection area (see also
Equation 7.25) of 52.33 km2, approximately one third of the total search area of about
154 km2, or alternatively, the effective detection range is about 4082m. The effective
detection range is not equal to the modelled 50% detection range of the detection
function owing to the increasing animal distribution as a function of range
(Equation 9.4).

Matlab code
%Scr9_1
NA=100;
dr=1;
r=0:dr:7000;

Figure 9.1 Detection function with Gaussian distribution of critical detection ranges.
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wri=r; wri=wri/(sum(wri)*dr);
%
r0=4000; cv=0.2; sig=cv*r0;
wr0=1/(sqrt(2*pi)*sig)*exp(-0.5*((r-r0)/sig).^2);
%
gr=1-cumsum(wr0)*dr;
P_n=cumsum(wri.*gr)*dr;
%
figure(1)
plot(r,gr,'k'),ylim([0 1.1])
grid on
xlabel('Distance [m]')
ylabel('g(r)')
%
dx=500; %range interval
idx=dx/dr;
ihx=1:idx:7000;
hx=diff(P_n(ihx));
rx=r(ihx)-dx/2;
%
figure(2)
plot(rx(2:end),NA*hx,'ko-')
grid on
xlabel('Distance [m]')
ylabel('n(r)')

Figure 9.2 Number of detected animals as a function of range. Modelled range interval dx = 500m. Assumed
total number of animals present in the search area N = 100.
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9.2 Simulating a point survey

The simulation of the point survey is now divided into two steps. First, we distribute
N objects uniformly in a circular area of interest surrounding the observer. For the point
survey, we assume rotational invariance and consequently characterize the objects only
by their range from the observer. Then, we use the detection function to decide for each
object whether it is detected or not. What we obtain is then a list of ranges from the
observer to the detected objects.

9.2.1 Simulating object locations

The simplest and most intuitive way to distribute N objects uniformly in a circular area of
interest is to generate uniform distributed x- and y-co-ordinates according to

xi ¼ 2Rmax U� 0:5ð Þ (9:8)

yi ¼ 2Rmax U� 0:5ð Þ (9:9)

where U is a random number that is uniformly distributed between 0 and 1. The
co-ordinates (xi, yi) are then uniformly distributed between –Rmax and +Rmax. If the
distance from the observer, which is assumed to be at the origin (0,0), is less than Rmax,
the location is retained; otherwise it is discarded. The procedure is carried out until the
number of objects within the design circle reaches the desired number of objects

keep location; if ri ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x2i þ y2i

q
� Rmax; else drop location (9:10)

The simulation is carried out in two dimensions but may easily be extended to three
dimensions by adding an additional random number for the relative depth of the animal.

9.2.2 Simulating detections

To simulate a detection we draw for each animal a new, uniformly distributed random
number between 0 and 1 and compare the number with the range dependent detection
function g(r), where r is now the range of the animal from the observer. If the random
number for a given range is below the value of the detection function we consider this
animal as detected, otherwise as missed

consider object as detected; if U � gðriÞ; else as missed (9:11)

The result of the simulation is then a list of ranges of animals that are detected.
At this point we are at the same position as we would be after a real point survey; to

visualize the survey result, we could generate a histogram of detection counts as function
of range, similar to Figure 9.3.

The range frequency plot of the detected animals shows an increase in detections to a
maximum range between 3000 and 3500m followed by a decline in detections. No
animals were detected beyond 5500m.
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Matlab code for Figure 9.3
%Scr9_2
NA=100; Rmax=7000;
dr=1; r=0:dr:Rmax;
%
r0=4000; cv=0.2; sig=cv*r0;
rs=r0;
wr0=1/(sqrt(2*pi)*sig)*exp(-0.5*((r-rs)/sig).^2);

gr=1-cumsum(wr0)*dr;
%
%simulate animal ranges
na=1.5*NA;
%
rand('state', 2);

% animal ranges
xx=2*Rmax*(rand(na,1)-0.5);
yy=2*Rmax*(rand(na,1)-0.5);

rr=sqrt(xx.^2+yy.^2);
%
rr(rr>Rmax)=[]; rr(NA+1:end)=[];
nr=length(rr); % nr should be NA

Figure 9.3 Range frequency plot of detected animals.
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% simulate detections
pr=interp1(r,gr,rr);
idets=rand(nr,1)<pr;
%
% keep range of all detections
ri=rr(idets);

% histograms
% ranges of simulated animals
dx=500;
hx=(0:dx:Rmax)';
hy0=histc(rr,hx);
NA_sim=sum(hy0);

% ranges of detected animals
hy=histc(ri,hx);
NA_det=sum(hy);
%
figure(1)
hb=bar(hx+250,hy);xlim([0 7000]),ylim([0 7])
set(gca,'xtick',hx);
set(hb(1),'facecolor','w')
xlabel('Distance [m]')
ylabel('Animal count')
title(. . .

sprintf('NA_{sim} = %d NA_{det} = %d', . . .
NA_sim,NA_det))

Comment on Matlab code
The random number sequence generated by this script is always the same sequence. This
is achieved by the call “rand('state', 2);”, which determines the first number of
the random number sequence. To avoid this repetitive behaviour, this Matlab statement
should be commented or removed.

9.3 Point survey abundance estimation

Assume we have a survey result as shown in Figure 9.3. Assume we know further that the
survey was a point survey where the observer noted the distance to all detected animals
without directional preference. Therefore, the question is now how many animals are
within the area of interest.

By summing up all animal counts, we obtain a total number of 28 animals. Having the
data coming from a point survey, we could assume that the PDF of detecting an animal,
and therefore the animal count, increases linearly with distance (Equation 9.3). From
Figure 9.3 we may deduce that between 3500 and 5500m the number of detections
decreases, most likely due to the range limitation of the detection function. Taking
4500m (the mean between 3500 and 5500) as the effective detection radius, we would
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obtain an animal density of 28 animals/63.6 km2, or 44 animals/100 km2. Considering a

search area with 7 km radius, the detection probability becomes PN = (4.5/7)2 = 0.41,

resulting in a total abundance estimate N̂ = 28/0.41 = 68 animals. Obviously, this

estimate is very crude and we should be able to do much better than that.
A better estimate is based on a model for the observed animal counts

nðrÞ ¼ N fðrÞ ¼ NwriðrÞgðrÞdx (9:12)

where N is the number of animals within the search area (r < Rmax) with PDF

wriðrÞ ¼ 2r

Rmax
2
; for r5Rmax and zero otherwise (9:13)

and the assumed detection function

gðrÞ ¼ 1ffiffiffiffiffi
2π

p
σ

Zr
0

exp � 1

2

x� r0
σ

� �2� �
dx (9:14)

The unknown variables that are to be estimated are now animal count N, mean detection

range r0 and standard deviation σ of the detection range.
Figure 9.4 shows the result of the non-linear parameter estimation. The estimated

model parameters are N̂ = 89 animals, the mean detection range r0 becomes 4196m and

Figure 9.4 Abundance estimation. The light grey bars count the simulated animal ranges, the dark grey bars
count the detected animals as a function of range. The dashed line is the estimated animal density,
and the connected dots are the fitted estimate of the detected animals.
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the standard deviation σ is 646m. As we simulated the animal locations, we know the
true animal distribution. Figure 9.4 also shows, for comparison, the range distributions of
all simulated locations.

Matlab code for Figure 9.4
%Scr9_3
% abundance estimation
% requires script scr9_2
Scr9_2
% or detection vector ri;
%
r0=4000; cv=0.2; sig=cv*r0;
%
dx=500; Rmax=7000;
hx=(0:dx:Rmax)';
% ranges of simulated animals
hy0=histc(rr,hx);
NA_sim=sum(hy0);
% ranges of detected animals
hy=histc(ri,hx);
NA_det=sum(hy);

% PDFs
wri=@(a,hx) . . .

(a*dx)*2*hx/(Rmax^2);
wro=@(hx,r0,sig) . . .

1/(sqrt(2*pi)*sig)*exp(-0.5*((hx-r0)/(sig)).^2);
%
mgx=@(b,c,hx) . . .

1-cumsum(wro(hx,b,c))*dx;
mfx=@(x,hx) . . .

wri(x(1),hx).*mgx(x(2),x(3),hx);
%
%
% estimate model parameters from data
b0=[NA,r0,cv*r0];
b=nlinfit(hx,hy,mfx,b0);
% next line requires Matlab 7.5
%b=nlinfit(hx,hy,mfx,b0,statset('robust','on','WgtFun','logistic'));

% Variances
% simulation mismatch
varo=sum((mfx([NA_sim,r0,cv*r0],hx)-hy).^2);
% estimation error variance
var=sum((mfx(b,hx)-hy).^2);

figure(1)
hold off
hb=bar(hx,[hy0 hy]);xlim([0 7000]),ylim([0 17])
hold on
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plot(hx,wri(b(1),hx),'k--',hx,mfx(b,hx),'k.-')
hold off
set(hb(1),'facecolor',0.9*[1 1 1])
set(hb(2),'facecolor',0.5*[1 1 1])
xlabel('Distance [m]')
ylabel('Animal count')
title(. . .
sprintf('NA_{est} = %.0f r_0 = %.1f sig = %.1f : var = %f', . . .

b,var))
return

The next question is about the quality of this estimate. How good is this estimate?
How would the result change if we were to repeat this simulation or experiment?
To obtain an answer we repeat the same experiment 1000 times (simulation followed
by non-linear parameter estimation) and obtain a random animal count estimate, the
distribution of which is shown in Figure 9.5. We note that the animal count peaks at
a value close to 100 but is widely distributed, varying from about 50 to over 250, and
the distribution is asymmetric with a significant tail of high animal counts.

As the maximum PDF value of Figure 9.5 is close to the true animal count, the
estimation process may be considered as asymptotically unbiased. However, this may
not be a surprise, because the abundance estimation used the shape of the detection
function that correctly describes the detection process.

Figure 9.5 Animal count distribution based on multiple simulation of Figure 9.4.
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9.4 Distance distribution of echolocation clicks of randomly
moving animals

Consider next the following scenario. An echolocating whale initiates an acoustically
active foraging phase at a random position within the search area. During foraging the
animal moves with a constant speed of 1.5m/s randomly around an arbitrary direction,
emitting 3600 clicks at a rate of 2 clicks/s (any similarity with Cuvier’s beaked whales is
intentional). What we want to know is the range distribution of the individual clicks.

Figure 9.6 shows the simulation result, indicating that the PDF of animal positions
while emitting clicks is linearly increasing with the distance from the observer, if one
ignores the boundary effects at ranges above 5000m.

Only one animal at a time is simulated and the experiment is repeated 10 000 times
with random start location and direction of motion. The click numbers presented in
Figure 9.6 therefore give the expected number of clicks as a function of range for an
animal with unknown start location and direction of motion.

From the point survey we know that the number of possible whale locations varies
according to

wriðrÞ ¼ 2r

Rmax
2
; for r5Rmax and zero otherwise (9:15)

Consequently, the number of clicks varies according to

Figure 9.6 Click count as a function of distance of a randomly moving whale (range bin 500m).
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nclðrÞ ¼ NclwriðrÞ ¼ 2r

Rmax
2
Ncl; for r5Rmax (9:16)

as shown in Figure 9.6, where the dashed line describes the functionality given in
Equation 9.16. For this particular simulation, the total number of clicks Ncl was selected
to be 3600 clicks.

This example shows that if the start position of an echolocation track is uniformly
distributed in the search area, so also will be the locations of each click, as long the
animal’s motion is not influenced by the observer. This result is, with hindsight, intuitive,
but it is reassuring that simulation can be used to demonstrate this relationship.

Matlab code for Figure 9.6
%Scr9_5
%
Rmax=7000;
%
vo=1.5; %speed [m/s]
nsim=3600; %number of clicks / dive
%
clear Ho %comment it skip simulation
%
%heading distribution
dg=0.01;
gam=-pi:dg:pi;
k=5;
wg=1/(2*pi*besseli(0,k))*exp(k*cos(gam));
cwg=cumsum(wg)*dg;
%
nrep=10000;
dx=500;
hx=0:dx:Rmax;
%
if ~exist('Ho','var')

Ho=zeros(length(hx),nrep);
Hi=zeros(length(hx),nrep);
tic
rand('state',1)
for ii=1:nrep

% simulate initial track position
% randomly located within circle
ro=inf;
while ro>Rmax

rdo=rand(1,2);
xo=2*Rmax*(rdo(1,1)-0.5);
yo=2*Rmax*(rdo(1,2)-0.5);
ro=sqrt(xo^2+yo^2);

end
%simulate initial direction
gamo=2*pi*rand(1,1);
%

Distribution of echolocation clicks 285



%simulate animal track
ncl=rand(nsim,2);

%simulate animal track
arg=ncl(:,1);
icwg=cwg>0.0001 & cwg<0.9999;
args=gamo+ . . .

interp1(cwg(icwg),gam(icwg), arg,'lin','extrap');
%
%assume constant speed between clicks and 2 clicks/s
dro=vo*0.5;
dxa=dro*cos(args);
dya=dro*sin(args);
xx=xo+[0;cumsum(dxa)];
yy=yo+[0;cumsum(dya)];
rr=sqrt(xx.^2+yy.^2);
%
% keep range distribution of all animals
hy=histc(rr,hx);
Ho(:,ii)=hy(:);

end
toc

end
%
hyo=mean(Ho,2);
hxx=hx(1:end-1)+dx/2;
%
Nnorm=2*dx*nsim/Rmax^2;
%
figure(1)
plot(hxx,hyo(1:end-1),'ko-')
line(hxx, hxx*Nnorm, . . .

'color','k','linestyle','-','linewidth',2)
xlabel('Distance [m]')
ylabel('Click count')

To simulate the detection of echolocation clicks of randomly moving animals it is
therefore sufficient to draw random numbers according to the PDF given in
Equation 9.15 and to decide for every resulting range whether a detection occurred or not.

Caveats
The PDFs of Equation 9.15 and therefore of Equation 7.24 are only valid for PAM
applications where the hydrophone is at the same depth as the animals. In fact, no vertical
separation is used in the simulation of Figure 9.6. Introducing a vertical separation will
change the PDF at short ranges, as not all ranges are possible and the minimal range is
given by the vertical distance between the hydrophone and the layer in which the animals
are foraging.
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The off-axis angle of the individual echolocation clicks is also not considered in this
simulation. Consequently, the results are only useful where sound is emitted equally in all
directions, or where the off-axis angle statistics do not depend on the range of the animal.
The latter is a reasonable assumption when the whale is searching not only horizontally
but also vertically, or in other words, where the pitch angle of the whale is widely
distributed and not constrained around the horizontal plane.

9.4.1 Stochastic sampling from an arbitrary probability density function

In the previous simulation, we generated a random variable by using a known or assumed
PDF. The assumption was that the variation of the heading is circular and normally
distributed according to Equation 8.38. The random variables were generated as
described below.

Consider a random variable that may be characterized by the PDF f (x). The cumulative
density function (CDF) F(y) is then given by

FðyÞ ¼
Zy
0

fðxÞdx (9:17)

where the CDF varies by definition from zero to one.
If we now draw a variable y from a uniform distribution U that is limited between zero

and one, then

x ¼ F �1ðyÞ (9:18)

is a new random variable that is distributed with PDF f (x).
Figure 9.7 shows the result of this operation for a random heading using the PDF given

in Equation 8.38 with κ = 5 and u = 1.
The left panel shows the CDF F(y) indicating that a random value y = 0.8 results in a

random heading value of 22.2°. The right panel shows as stars the histogram values of the
simulated headings, which are in perfect agreement with the original PDF (circular
normal distribution), shown as a solid line.

Matlab code for Figure 9.7
%Scr9_6
%
%heading distribution
dg=0.01;
gam=-pi:dg:pi;
k=5;
wg=1/(2*pi*besseli(0,k))*exp(k*cos(gam));
%estimate CDF
cwg=cumsum(wg)*dg;
%
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%simulate random heading
rand('state',1)
nsim=1000000;
arg=rand(nsim,1);
%
[i1,i2,i3]=unique(cwg);
gamx=gam(i3);
cwgx=cwg(i3);
head=interp1(cwgx,gamx,arg,'lin','extrap');
%
% obtain histogram (PDF) of simulated heading
hx=gam;
hy=histc(head,hx); hy=hy/sum(hy);

isi=0.8;
isl=find(cwg>=isi,1,'first');

figure(1)
set(gcf,'position',[300 400 700 420])
subplot(121)
plot(gam*180/pi,cwg*100,'k')
line([-180 gam(isl) gam(isl)]*180/pi, . . .

isi*[1 1 0]*100,'color','k','linestyle','--')
xlim([-180 180])

Figure 9.7 Simulation of random variables based on PDF models.
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ylim([0 109])
xlabel('Heading [ ^o]')
ylabel('CDF [%]')
box on

subplot(122)
%bar(hx*180/pi,hy*100,'facecolor','w',' edgecolor','k','barwidth',
1);

plot(hx(1:10:end)*180/pi,hy(1:10:end)*100,'k*');
line(gam*180/pi,wg*dg*100,'color','k')
set(gca,'yaxislocation','right')
xlim([-180 180])
xlabel('Heading [ ^o]')
ylabel('PDF [%]')
box on

Comment on Matlab code
Given the PDF wg(gam), the CDF cwg(gam) is in Matlab simply estimated by
carrying out a cumulative sum

cwg=cumsum(wg)*dg;

The inversion of the CDF and the generation of random heading values is achieved by the
line

head=interp1(cwgx,gamx,arg,'lin','extrap');

where arg are the uniformly distributed random numbers. The method works as long as
cwgx (the first argument in interp1) is either a monotonically increasing or decreas-
ing function. As the CDFmay have multiple equal values due to rounding conditions, the
inversion is executed only on unique CDF values.

9.5 Stochastic simulation of detection function

In the following, we obtain the detection function by simulating the random motion of a
hypothetical acoustically active deep-diving whale, which we assume to be a beaked
whale echolocating at a frequency of 40 kHz.

9.5.1 Distance and off-axis joint probability distribution

As mentioned above, the detection of echolocation clicks depends not only on the
separation between whale and hydrophone but also in the off-axis angle, i.e. the angle
between the acoustic axis of the click and the line connecting whale and hydrophone.

Being a function of two variables (range and off-axis angle), the resulting joint PDF now
becomes a surface, as shown in Figure 9.8. To generate this figure, the script used for
generating Figure 9.6 was extended by considering a vertical distance between whale and
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sensor of 500m, and by generating and accumulating a two-dimensional histogram. The
number of clicks per dive was again assumed to be 3600 but the number of replicating
detection experiments was increased to 100 000 so that the simulation results in a reason-
ably smooth two-dimensional histogram. In addition, the range bin was reduced from
500m to 10m to better cover short ranges, and the bin-width for the off-axis angles was
selected to be 1°.

Figure 9.8 shows two particular features. First, no clicks are available for ranges below
500m, owing to the vertical distance of the hydrophone and the foraging depth of the
whale. Second, for ranges above 5000m one may note a lack of clicks for larger off-axis
angles. This is a side effect of the simulation, as for start ranges of the simulated animal
tracks that are close to the limiting 7000m, off-axis angles that are greater than 90° are
more or less absent. This is because whales that are on the edge of the area of interest are
only detectable if they move towards the observer (off-axis angles < 90°) and whales that
move away (off-axis angles > 90°) move quickly out of the area of interest.

9.5.2 Detection function

Figure 9.8 shows for increasing ranges r the distribution of clicks as function of off-axis
angle. This distribution can therefore be used to obtain a simulated detection function.
For this, we start with Equation 8.24, which may be rewritten as

Figure 9.8 Mean click count as function of range and off-axis angle. The marginal sum over all off-axis
angles results in the expected click count as a function of range (similar to Figure 10.6 but now
with 10m range bin).
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gðrÞ ¼
Z∞

DLmax

wSLðuþ F0 þ TLðrÞÞdu

þ
ZDLmax

0

wSLðuþ F0 þ TLðrÞÞ 1

wclðrÞ
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0

wOAð#; rÞd#

0
B@
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CAdu

(9:19)

and replace wOAð#; rÞ by the simulated PDF of Figure 9.8 and wclðrÞ is the click density
as function of range as given by

wclðrÞ ¼
Zπ
0

wOAð#; rÞd# (9:20)

As with Equation 8.28, the first integral of this equation depends only on the source level
distribution and not on the off-axis angle. The second integral points out that the range-
dependent off-axis PDF is to be integrated up to a critical angle DL−1(u), the result of
which is range-dependent owing to the range-dependent off-axis PDF.

The integration (Equation 9.20) may be carried out for all ranges using the data of
Figure 9.8 without further knowledge of the source level and transmission loss. This
integration transforms the two-dimensional PDF of Figure 9.8 into a range-dependent
partial CDF, where the integral over all off-axis angles results in a range-only marginal
PDF counting the relative number of clicks at range r. To obtain the detection function,
which is the conditional detection probability given the presence of clicks, we have to
correct the two-dimensional PDF of Figure 9.8 by the range-dependent click count
(Equation 9.20). It should be noted that the click count given by Equation 9.16 is not
suited for use here, as the geometries are different in the two cases: Figure 9.6 and
therefore Equation 9.16 assume that source and receiver are at the same depth,
whereas for Figure 9.8 the receiver was chosen to be at a depth different from that
of the whale.

To continue this estimation of the detection function, we assume further that the source
level is normally distributed according to Equation 8.29 with a source level variation
σSL = 5 dB, the off-axis attenuation given by Equation 8.14, and the transmission loss is
due to spherical spreading.

Figure 9.9 shows a detection function that is similar to the theoretical one presented in
Figures 8.1 and 8.2. The only visible difference is that the contribution of the second
integral shows a maximum value of 0.14 in Figure 9.9 but 0.11 in Figure 8.1, indicating a
slight difference in the simulated and theoretical off-axis distribution. However, the
similarity between these two curves demonstrates the validity of the theoretical description
of the off-axis distribution for detecting arbitrary echolocation clicks (Equation 8.16).

Common to both detection functions is that their first integrals (Equations 8.24 or
9.19), which cover the contributions that do not depend on the actual off-axis distribu-
tion, are already a very reasonable approximation to a passive acoustic detection
function.
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The detection function is influenced by the implemented signal processing meth-
ods; in particular, it is important to specify the method used to obtain the detections.
The example has assumed so far that all clicks emitted during a dive are of impor-
tance. In the following, we assume that only the near-on-axis clicks during each
dive are used to decide on the presence of an animal. This approach makes sense, as
for animals that are very far away, only the loudest click, i.e. when the whale is
oriented towards the receiver, may be received by a PAM system. In other words,
an animal cannot be detected if the loudest clicks of a whole dive are too weak to
exceed the detection threshold. Fortunately, owing to the scanning nature of the
foraging process, some clicks will be always significantly louder than the remainder,
and clicks that are directed towards the receiver exceed the weakest clicks by about
30–40 dB.

The PDF of the near-on-axis clicks may be modelled according to a Weibull
distribution

wOA Lð#Þ ¼ �#��1

σOA L
�
exp � #

σAO L

� ��� �
(9:21)

where σOA L and � are two parameters to be estimated from the data. For a shape
parameter � = 1 this PDF would become a exponential distribution and for � = 2 the
PDF would be a Rayleigh distribution with a slightly modified σOA L.

The Weibull-type PDF has also been chosen because it can be integrated analytically
and the probability of having a click at angles below # results in

Figure 9.9 Simulated detection function as function of range. Assumed source level variation σSL = 5 dB.
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POA Lð#Þ ¼
Z#
0

wOA LðxÞdx ¼ 1� exp � #

σOA L

� ��� �
(9:22)

Figure 9.10 shows the simulated detection function (dots) for the near-on-axis click of a
dive, which may be considered as the detection function for detecting a dive. The same
figure shows as a dashed line the detection function of all clicks, as shown in Figure 9.9.
The solid line is based on a modelled off-axis distribution for clicks that are randomly
distributed around the on-axis, fitting very well the simulated detection function (grey
dots). The assumed source level variation for both curves is σSL = 5 dB.

As shown in Figure 9.10, a reasonable Weibull fit to the simulated data is obtained for
parameters σOA L = 14° and � = 0.46. Zimmer et al. (2008) also simulated the detection
probability of the loudest click but used a model that differs from the present one, mainly
by not considering the source-level statistics. As a result, their detection function resulted
in a very sharp cut-off at large range, a feature that is not present in Figure 9.10 owing to
the explicit consideration of the source-level statistics.

Figure 9.10 compares two detection functions, one of which (dashed line) is replicated
from Figure 9.9, describing the probability of detecting all beaked whale clicks. Half of
the emitted clicks are detected for ranges up to nearly 2000m. The other detection
function (bold line in Figure 9.10) expresses the probability of detecting beaked whales
if one accepts that only a few near-on-axis clicks are required to detect the presence of an

Figure 9.10 Detection function for detecting the loudest click per dive. The dots are the simulated detection
function; the dashed line corresponds to Figure 9.9; the solid line is based on a modelled off-axis
distribution with σOA L = 14 ° and � = 0.46. Source level variation σSL = 5 dB for both curves.
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echolocating beaked whale. The curve indicates that half of the beaked whales are

detectable up to about 4000m. The difference between these two detection functions

reflects the fact that it is easier to detect the presence of an echolocating whale than to

detect all clicks the animal emits.

Matlab code for Figure 9.10
%Scr9_8
%
Rmax=7000;
%
vo=1.5; %speed [m/s]
nsim=3600; %number of clicks / dive
%
%heading distribution
dg=0.01;
gam=-pi:dg:pi;
k=5;
wg=1/(2*pi*besseli(0,k))*exp(k*cos(gam));
cwg=cumsum(wg)*dg;
icwg=cwg>0.0001 & cwg<0.9999;
%
% pitch distribution
bet=-pi/2:dg:pi/2;
k=5;
wb=1/(2*pi*besseli(0,k))*exp(k*cos(bet));
cwb=cumsum(wb)*dg;
icwb=cwb>0.0001 & cwb<0.9999;
%
% number of simulations
nrep=100000;
%
% needed for histograms
dx=10;
hx=0:dx:Rmax;
do=0.1;
ho=(0:do:180)/180*pi;
%
%off-axis attenuation
C1=47;
C2=0.218*17.8;
DL=@(x) C1*C2^2*x.^2./(1+C2*x+C2^2*x.^2);
%
DL_max=C1*C2^2/(1+C2+C2^2);
%
%transmission loss
TL=@(x) 20*log10(x)+9.5*x/1000;
%
if 0

dcl=zeros(nrep,2);
Ho=zeros(length(hx),length(ho));
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tic
rand('state',1)
for ii=1:nrep

if mod(ii,100)==0, ii, end
% simulate initial track position
% randomly located within circle
ro=inf;
while ro>Rmax

rdo=rand(1,2);
xo=2*Rmax*(rdo(1,1)-0.5);
yo=2*Rmax*(rdo(1,2)-0.5);
zo=500;
ro=sqrt(xo^2+yo^2+zo^2);

end
%simulate initial direction
gamo=2*pi*rand(1,1);
%
%simulate animal track
ncl=rand(nsim,2);

%simulate animal track
arg=ncl(:,1);
head=gamo+ . . .

interp1(cwg(icwg),gam(icwg),arg,'lin', 'extrap');
%
arg=ncl(:,2);
pitch= . . .

interp1(cwb(icwb),bet(icwb),arg,'lin','extrap');
%
%assume constant speed between clicks ans 2 clicks/s
dro=vo*0.5;
dxa=dro*cos(head).*cos(pitch);
dya=dro*sin(head).*cos(pitch);
dza=dro*sin(pitch);

%estimate track (cumsum) and range
xx=xo+[0;cumsum(dxa)];
yy=yo+[0;cumsum(dya)];
zz=zo+[0;0*cumsum(dza)]; % stay at same depth
rr=sqrt(xx.^2+yy.^2+zz.^2);
TLr=TL(rr(2:end));
%
%off-axis
oa1=[xx(2:end),yy(2:end),zz(2:end)];
oa2=[dxa,dya,dza];
oa=acos(sum(oa1.*oa2,2)./(dro*rr(2:end)));
% accumulate range off-axis histograms
hy=hist3([rr(2:end),oa],'edges',[hx,ho]};
Ho=Ho+hy;
%
DLr=DL(abs(sin(min(oa,pi/2))));
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%
[a,ia]=min(TLr+DLr); % select only one ping per dive
dcl(ii,:)=[rr(ia), oa(ia)];
%

end
toc
save('Scr9_8dat','dcl','Ho','hx','ho','nsim', 'nrep')
return

else
load('Scr9_8dat');

end
%
%all clicks
%Ho=Ho/nrep; %get average
%partial CDF
CHo=cumsum(Ho,2);
%
% loudest click
Hol=hist3(dcl,'edges',{hx,ho});
%partial CDF
CHol=cumsum(Hol,2);
% click count as function of range
wcl=CHol(:,end);
%
%plot surfaces
hxx=hx(1:end-1)+dx/2;
hox=ho(1:end-1)+do/2/180*pi;

if 0
figure(1)
imagesc(hox*180/pi,hxx,Ho)
xlabel('Off-axis angle [ ^o]')
ylabel('Range [m]')
colorbar
%colormap(1-gray(7*2))%, caxis(0.07*[0 1])

figure(2)
imagesc(hox*180/pi,hxx,CHo)
xlabel('Off-axis angle [ ^o]')
ylabel('Range [m]')
colorbar
colormap(1-gray(8*2))%, caxis(8*[0 1])
end

% Estimation of the detection function
% nominal figure of merit
FOM=116;
%
%Gaussian SL weighting
sig=5;
Wx=@(x,xo) 1/(sqrt(2*pi)*sig)*exp(-1/2*((x-xo)/ sig).^2);
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%Transmission loss
rTL=max(1,hx(:));
TLr=20*log10(rTL)+9.5*rTL/1000;

% needed for integration
dx=0.1;
x=0:dx:(FOM+DL_max+4*sig); %FOM+DL_max+4*sig is assumed to be infinity
%
%warning verbose on % to check proper command
warning off MATLAB:divideByZero %switch off warning in next line
th=asin(1/(2*C2)*(x./(x-C1)).*real(-sqrt(1–4*( (x-C1)./x))-1));
warning on all % reactivate warning
%
th(1)=0; % correct for NaN
th(x>=DL_max)=pi; % for x>=DL_max

%
% select integration support
u2=x(x<DL_max);
u3=x(x>=DL_max);
th2=th(x<DL_max);

gr0=0*TLr;
gr1=0*TLr;
gr2=0*TLr;
gr3=0*TLr;

wth1=0.5*(1-cos(th2));
%
sigth=14/180*pi;
eta=0.46;
woa2 = @(x,sigth,eta) (1-exp(-(x/sigth).^eta));
wth2=woa2(th2,sigth,eta);

%
for ii=1:length(TLr)

W2=Wx(u2+TLr(ii),FOM);
W3=Wx(u3+TLr(ii),FOM);
%
gr0(ii)=sum(W3)*dx;
%
gr1(ii)=sum(W2.*wth1)*dx;
%
gr2(ii)=sum(W2.*wth2)*dx;
%
wclx=interp1(ho,CHol(ii,:),th2);
gr3(ii)=sum(W2.*wclx)*dx;

end
%correct for click PDF
iwcl=wcl>0;
gr3(iwcl)=gr3(iwcl)./wcl(iwcl);
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gr3(1)=gr3(2);

eps = sum((gr2-gr3).^2)

figure(4)
plot(hx,gr0+gr1,'k--')
line(hx,gr0+gr3,'color','k', . . .

'linestyle','none','marker','.','color',0.7* [1 1 1])
line(hx,gr0+gr2,'color','k', . . .

'linestyle','-','linewidth',2)
ylim([0 1.1])
xlabel('Range [m]')
ylabel('Probability')
return

9.5.3 Advantage of model-based detection functions

Comparing the two detection functions in Figure 9.10, one may conclude that detection
functions depend not only on the animal’s behaviour but also on the PAM implementa-
tion. With hindsight, this conclusion is not a surprise; in general, it is also true for visual
surveys. This may be the reason why detection data are traditionally fitted with some
anonymous empirical functions without further interpretation of the hidden physical/
human detection model.

Being based on technical systems, PAM systems may be described in detail and it is
therefore appropriate to use this knowledge to reduce the model uncertainty. Of course,
these models have to be fitted to the data to be useful for abundance estimation, which
may or may not be as simple as for empirical functions. As already mentioned, empirical
detection functions are all that is needed for pure abundance estimation, but habitat
analysis with the introduction of covariates will gain when system variations are explic-
itly taken care of by the detection function.

In summary, we may conclude that if abundance estimation is the only purpose of the
survey then empirical functions (e.g. hazard function with multiplicative modifications)
may be sufficient, as in the end only the effective area or the mean detection range is of
relevance (e.g. Equation 7.22). If, however, the survey should be used for assessing the
habitat preferences of the animals, then it is important that PAM system-related param-
eters are treated separately from habitat-specific covariates.
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10 PAM systems

The last chapter of this book addresses some aspects of the PAM system that are
fundamental in any PAM implementation. PAM systems are in general composed of
hardware and very often also of software, so this chapter will first address the hardware
and in particular describe and discuss hydrophones and their integration into a properly
functioning PAM system.

10.1 Hardware

As humans are terrestrial mammals and not very well adapted to listening to underwater
sound, they must rely on technical tools, or hardware, to implement passive underwater
acoustic systems. All PAM systems are generally composed of hydrophones, support
electronics and some sort of human interface.

10.1.1 Hydrophones

The purpose of a classical hydrophone is to convert (transduce) sound pressure into
electrical tension or voltage. Consequently, piezoelectric materials are suitable materials
for the construction of hydrophones. Piezoelectricity describes the property of some
materials to produce an electric potential when mechanical stress is applied or external
pressure changes the shape. Equivalently, piezoelectric materials change their form when
an electric field is applied. Such an effect is used to generate sound in a transmitter.

Hydrophones in their simplest and most common form are designed to respond
directly to the pressure of an incident sound wave. Hydrophones may, however, be
constructed to respond to some aspect of the particle motion, such as displacement,
velocity or acceleration. Hydrophones may further be designed to respond to the pressure
gradient or acoustic intensity.

Currently, the most commonly used piezoelectric transducer materials are poly-
crystalline ceramics. In their original state, ceramic materials are composed of randomly
oriented small crystallites and as such, they are isotropic and possess no piezoelectric
properties. By temporarily applying a high electric field to the ceramic material, the small
crystallites will align and the ceramic material will become anisotropic and therefore
piezoelectric. This procedure is referred to as the poling operation; the poling direction
defines the z-axis of a three-dimensional orthogonal co-ordinate system.
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The piezoelectric effect is in general quite small. For example, PZT (lead zirconate
titanates) ceramics, which are the most widely used materials for electro-acoustical
transducers, exhibit a maximum shape change of about 0.1% of the original dimension.

There are two quantities that one should know about hydrophones. The first parameter
is the sensitivity of the hydrophone, which describes the generated electric tension as
function of acoustic sound pressure. The second one is the natural resonance frequency,
which limits the useful bandwidth of the hydrophone.

Receiving sensitivity
The receiving sensitivity M of a pressure-sensitive hydrophone is defined as the ratio of
the open-circuit voltage VOC to the free-field pressure Pf

M ¼ VOC

Pf
(10:1)

As the name indicates, the open-circuit voltage is the electrical tension generated by the
hydrophone in absence of any electronic circuitry that would result in the flow of an
electric current. The free-field pressure is the pressure without the hydrophones, that is,
without interaction with the hydrophone. If the hydrophone is small compared with the
wavelength of the pressure field, then the presence of the hydrophone disturbs the
acoustic pressure field very little, but if the size of the hydrophone approaches or exceeds
λ/2, then the acoustic pressure on the hydrophone surface may become measurably
different from the free-field pressure. The actual open-circuit voltage of the hydrophone
depends on the actual shape of the ceramic.

Taking the logarithm of the magnitude of the sensitivity, we obtain the sensitivity
expressed in decibels

S ¼ 20 log10ðMÞ (10:2)

The sensitivity is expressed in xxx dB re 1V/μPa and may be interpreted in the following
way: if one assumes a sensitivity of −200 dB re 1V/μPa, then in order to generate
1V tension on the hydrophone output one needs a sound pressure of 200 dB re 1 μPa.

Resonance frequency
The second important quantity of a hydrophone is the resonance frequency, which for a
thin walled spherical hydrophone is simply the circumferential or radial mode, where the
wavelength fits the circumference of the hydrophone. The resonant frequency fr is in
general given in the data sheets of commercial hydrophones.

Diffraction effect
The sensitivity of the hydrophone as described above is only valid if the hydrophone is
small enough with respect to the wavelength of the sound wave, so that its presence does
not disturb the sound field. The diffraction effect describes this interaction for increasing
hydrophone dimensions. It is convenient to modify the free-field sensitivity by a multi-
plicative diffraction constantD, which for a spherical hydrophone is reasonably approxi-
mated by
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D ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ f

fr
dc

� �2
s (10:3)

where dc is a constant that controls the diffraction effect at resonance.

10.1.2 Hydrophone frequency response

In order to obtain the frequency response of the hydrophone it is necessary to translate the

mechanical ceramic transducer characteristics into an equivalent electric schematic, that

is, we replace the hardware with a combination of voltage source, resistor, inductor and

capacitor.
Figure 10.1 shows the equivalent circuit of an idealized hydrophone with only one

frequency of mechanical resonance. Rm is the mechanical loss and Cm and Lm represent

stiffness and mass of the mechanical vibrating system. C0 is the electrical capacitance

between the electrodes on the piezoelectric element (see e.g. Burdic, 1984).
The circuit shown in Figure 10.1 is divided into two parts. One contains the mechan-

ical quantities Rm, Lm andCm, which are connected in series; the other one consists of the

electrical components C0 and R1, which are connected in parallel. The impedances of the

individual resistance-less parts (ZLm, ZCm, ZC0) are estimated according to

ZL ¼ iωL (10:4)

ZC ¼ 1

iωC
(10:5)

which we can combine in serial with the resistance Rm

Zm ¼ Rm þ ZLm þ ZCm (10:6)

Figure 10.1 Hydrophone equivalent circuit.
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As we will use Matlab to take care of the complex numbers we continue the notation in
terms of impedance and resistance.

We should note that the mechanical resonance frequency is related to the product of
inductance Lm and capacitance Cm via

ωr
2 ¼ 1

LmCm
(10:7)

To estimate the admittance of the hydrophone at the output of the hydrophone we shorten
the voltage source Vhyd and note that the capacitance C0 is now parallel to the impedance
Zm so that the effective hydrophone admittance YH becomes

YH ¼ 1

ZH
¼ 1

Zm
þ 1

ZC0

� �
¼ Zm þ ZC0

ZmZC0
(10:8)

The conductance is the real part of YHwhile the susceptance is the imaginary part of the YH.
The output voltage, which is measured across C0, becomes

V1 ¼ ZC0

ZC0 þ Zm

����
����Vhyd (10:9)

where we model the hydrophone input voltage as

Vhyd ¼ γMD (10:10)

withM the nominal sensitivity,D the diffraction effect, and γ ≈ 1þ C0

Cm
, which is needed

to correct the hydrophone sensitivity, which is defined at the hydrophone output and not
at the hydrophone input.

In order to use this equivalent circuit one needs to quantify the values of the compo-
nents. Unfortunately, these values are in most cases not readily available, and if at all,
very often only in combined terms. However, most commercial hydrophones are
described by an admittance plot near the resonance and a received sensitivity plot.
These plots may be used to back-out the model parameters by fitting the model prediction
to the published graphics.

Figure 10.2 shows the admittance plot and Figure 10.3 shows the received sensitivity
plot of a D70 hydrophone of Neptune Electronics Ltd.

The following parameters are a reasonable fit to the data shown in Figures 10.2 and
10.3. As may be seen from the Matlab script the actual fit is obtained for the following
mechanical parameters Rm = 246 Ω (ohm), Lm = 2.3 mH (millihenry), Cm = 2.27 nF
(nanofarad), free-field sensitivity ofM0 = −198 dB re 1V/μPa, electrical capacitance C0 =
7.5 nF, and a diffraction effect constant dc = 3.5. There are slight mismatches in both
figures, which are most likely due to imperfect modelling.

Matlab code to generate Figures 10.2 and 10.3
%Scr10_1
f=10.^linspace(0,5.3,10000);
%
s=2*pi*f;
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Figure 10.2 Modelled admittance plot of a hydrophone overlaid on a published commercial admittance plot of a
D70 hydrophone. The dashed and dotted lines are predicted by the hydrophone model presented in
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Figure 10.3 Sensitivity plot overlaid on a published commercial admittance plot of a D70 hydrophone. The
dashed lines are predicted by the hydrophone model presented in Figure 10.1.
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Mo=-198;
%
Rm = 246;
Lm = 2.3e-3; Cm = 2.27e-9;
Co = 7.5e-9;
cd = 3.5;
%
fr=1/(2*pi*sqrt(Lm*Cm));
sfr=2*pi*fr;
%
ZLm=i*s*Lm;
ZCm=1./(i*s*Cm);
ZCo=1./(i*s*Co);
%
Zm=(Rm+ZLm+ZCm);
Zh=Zm.*ZCo./(Zm+ZCo);
%
% diffraction effect
D=1./(sqrt(1+(f/fr*cd).^2));
%
% for admittance plot
Yh=1000./Zh;
T1=ZCo./(Zm+ZCo);
V1=T1./abs(T1(1)).*10.^(Mo/20).*D;

%graphics
%
% is from D/70 leaflet
img=imread('../PAM_BOOK_data/D70_Admittance_n.tif');

ifx=f>50000 & f<100000;
xx=f(ifx)/1000; xx=xx-xx(1);
yy1=real(Yh(ifx));
yy2=imag(Yh(ifx));
uu=57+xx*(407–57)/50;
vv1=257+yy1*(56–257)/5;
vv2=257+yy2*(56–257)/6;

figure(1)
clf
%image(img)
imagesc(img(:,:,2)),caxis([96 255])
colormap(gray)
line(uu,vv1,'linewidth',3,'Color','k','linestyle',':');
line(uu,vv2,'linewidth',3,'Color','k','linestyle','––');
set(gca,'visible','off')
%
% is from D/70 leaflet
img=imread('../PAM_BOOK_data/D70_Sensitivity_n.tif');

ifx=f>1000 & f<200000;
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xx=log10(f(ifx)/1000); xx=xx-xx(1);
yy=20*log10(abs(V1(ifx)));

uv=[86.8 325;562.5 71];
xy=[0 -250; 3 -150];

uu=uv(1,1)+(xx-xy(1,1))*(uv(2,1)-uv(1,1))/(xy(2,1)- xy(1,1));
vv=uv(1,2)+(yy-xy(1,2))*(uv(2,2)-uv(1,2))/(xy(2,2)- xy(1,2));

figure(2)
clf
%image(img)
imagesc(img(:,:,2)),caxis([96 255])
colormap(gray)
line(uu,vv,'linewidth',3,'Color','k','linestyle','–');
set(gca,'visible','off')

10.1.3 Preamplifiers

The voltage generated by transducers is in general very low and requires amplification.

Preamplifiers are special electronic devices that are matched to the hydrophone and

designed to amplify very small voltages. Modern preamplifiers have as their first active

element a field effect transistor (FET) to interface the hydrophone efficiently with the

following amplifications, at the same time minimizing the impact of electronic noise.

Noise influences
Amplifying small signals will also amplify electronic noise from any source that is

present at the input of the preamplifier. This electronic noise is in addition to the ambient

noise, which is always present in the oceans. An acoustic signal will only be detectable if

its pressure exceeds the total noise, which is composed of ambient and electronic noise. It

is therefore necessary to chose electronic components and electronic circuits in such a

way that they contribute as little as possible to the total noise floor; ideally, the electronic

noise will be well below ocean ambient or environmental noise.

Thermal noise
Thermal noise is an important and hardly avoidable noise source, as it is generated when

thermal energy causes free electrons to move randomly in a resistive material, an effect that

is also called Johnson noise. The RMS thermal noise voltage across a resistor is given by

VtðRÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
4kTRDf

p
(10:11)

where k is the Bolzmann constant (k = 1.38 10–23 J/K), T is the absolute temperature

(T= 290K for 27 °C), R is the resistance, and Δf is bandwidth over which the noise is

measured.
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Vn – In amplifier noise model
The noise at the output of an amplifier is a function of the noise at the input and the noise
generated inside the amplifier. It is common to model amplifier noise by reflecting the
internal noise sources to the input so they can easily be compared with the signal of
interest at the input. The Vn – In amplifier noise model uses two noise sources, a series
voltage source en, and a shunt current source in. The shunt current noise source always
needs a resistance to develop a noise voltage.

Figure 10.4 shows, for the input noise estimation, the simplified equivalent circuit of
hydrophone and FET interface. The electrical description of the mechanical character-
istics of the hydrophone (Figure 10.1) is combined in impedance Zm, while the electrical
capacitance C0 and the load resistor R1 form the impedance Z0. As we see below, the
shunt current noise in uses R1 to develop noise voltage.

Electric equivalent environmental noise
The ambient noise level NL is, according to Equation 10.10, equivalent to a hydrophone
input voltage Vhyd

Vhyd ¼ γMD10NL=20 (10:12)

which results at the hydrophone output in an environmental noise voltage VE

VE ¼ Z0

Z0 þ Zm

����
����Vhyd (10:13)

It is this noise level, which should be considered as a limit, which the system noise of a
good hydrophone–preamplifier circuit should not exceed. Equation 10.13 says in

Figure 10.4 Equivalent circuit for noise estimation.
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principle that the voltage Vhyd is applied on Z0 and Zm functioning as a voltage divider,
where the voltage VE is read across Z0.

System noise
The total system noise of hydrophone and preamplifier is composed of multiple compo-
nents, which will be described next. Noise contributions are expressed in volts and where
necessary converted to volts.

Thermal hydrophone noise
The resistance of the hydrophone Rm will generate thermal noise, which is given by

VH ¼ Z0

Z0 þ Zm

����
����VtðRmÞ (10:14)

Thermal amplifier input resister noise
To estimate the thermal noise of the input resistor R1, which is part of Z0, we need to
shorten the input voltage source, which effectively puts the capacitor C0 in parallel to the
mechanical impedance Zm of the hydrophone, forming the effective hydrophone impe-
dance ZH (Equation 10.8). The output voltage is now measured across ZH and is given by

VR ¼ ZH

ZH þ R1

����
����VtðR1Þ (10:15)

Amplifier current noise
The amplifier current noise is generated by the current in flowing through resistor R1.
Again, Vhyd has to be shortened and the amplifier current noise becomes

Vi ¼ ZH

ZH þ R1

����
����inR1 (10:16)

Total system noise
The total system noise Vsys is now given by taking the square root of the sum of all noise
components squared

Vsys ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
en2 þ Vi

2 þ VR
2 þ VH

2
p

(10:17)

where en is the amplifier voltage noise as obtained from the FET data sheets.

Example In addition to the previous example, we assume the following FET noise
specifications

en ¼ 0:3 nV=
p
Hz

in ¼ 0:2 pA=
p
Hz
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and estimate all the noise components, the total system noise, and the environmental
noise for comparison.

Figure 10.5 shows the ambient noise level for a sea state zero and light ship traffic. It
shows that the total system noise (solid thick line) is in general, for all frequencies, below
the environmental noise, indicating that the assumed FET noise characteristics belong to
a well-suited semiconductor. While not impossible, these noise values at higher
frequencies are demanding, as most FETs feature noise voltage en values of 1 nV/√Hz
or higher. Nevertheless, the analysis presented allows the assessment of FETs that feature
slightly different noise values.

We note further that the ratio between the strongest and weakest environmental noise is
about 2500, which corresponds for wideband applications to a dynamic range of 68 dB.
This dynamic range is somewhat reduced due to the C0–R1 highpass effect of the FET
input stage, which limits the environmental noise below 20Hz.

Matlab code to generate Figure 10.5
%Scr10_2

f=10.^linspace(0,5.3,10000);
%
s=2*pi*f;

Mo=-198;
%

Figure 10.5 Noise contribution of hydrophone preamplifier configuration.
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Rm = 246;
Lm = 2.3e-3; Cm = 2.27e-9;
Co = 7.5e-9;
cd = 3.5;
%
fr=1/(2*pi*sqrt(Lm*Cm));
sfr=2*pi*fr;
%
ZLm=i*s*Lm;
ZCm=1./(i*s*Cm);
ZCo=1./(i*s*Co);
%
Zm=(Rm+ZLm+ZCm);
Zh=Zm.*ZCo./(Zm+ZCo);
%
% diffraction effect
D=1./(sqrt(1+(f/fr*cd).^2));

%
R1=1.5e+6; %hydrophone load resistance
%R1=1.5e+4; %alternative hydrophone load resistance

Zo=R1*ZCo./(R1+ZCo);
%
T1=Zo./(Zo+Zm);
T2=Zh./(Zh+R1);
%
%ambient noise
fkz=f/1000;
SD=0; %0:3
w=0; %m/s
%
T=13; %temperature
S=38; %salinity
z=100; %depth
c=1500; %sound speed
pH=7.8; %acidity
aa=FrancoisGarrison(fkz,T,S,z,c,pH);
dcorr=aa*z/1000;

NL1=17−30*log10(fkz);
NL2=44+23*log10(w+1)-17*log10(max(1,fkz));
NL3=30+10*SD-20*log10(max(0.1,fkz));
NL4=-15+20*log10(fkz);

NL3d=NL3-dcorr-10*log10(1+dcorr/8.686);

Na=10.^(NL1/10)+10.^(NL2/10)+10.^(NL3d/10)+10.^(NL4/10);
NL=10*log10(Na);

%FET noise model
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en=0.3e-9;
in=0.2e-12;

%noise estimation
k=1.38e-23;
T=290;
vn= @(R) sqrt(4*k*T*R);
%
V_E=abs(T1).*(1+Co/Cm).*D.*10.^((Mo+NL)/20);
V_H=abs(T1).*vn(Rm);

V_R=abs(T2).*vn(R1);
V_I=abs(T2).*in*R1;
V_N=en+0*f;

V_sys=sqrt(V_N.^2+V_I.^2+V_R.^2+V_H.^2);

figure(1)
hp=plot(f,V_E,'k', f,V_sys,'k', . . .

f,V_R,'k-.', . . .
f,V_H,'k:', f,V_N,'k–');

set(hp(2:5),'linewidth',2)
set(gca,'xscale','log','yscale','log')
legend('V_E','V_[sys]','V_[R_1]','V_H','e_n',1)
xlabel('Frequency [Hz]')
ylabel('noise voltage [V/sqrt(Hz)')
grid on
set(gca,'xminorgrid','off','yminorgrid','off')

10.1.4 Analogue digital converter

Like most physical phenomena, sound pressure is also an analogue quantity, that is,
sound is best described by a variable that in principle may take any value. Sound is an
analogue signal. Hydrophones convert sound pressure into voltage, which is then
amplified in multiple steps, but again, voltages are analogue quantities. Hydrophones
plus some electronic amplifiers are in principle all that we need to listen to underwater
sound and there are a significant number of field scientists doing exactly that. Analogue
signals can be stored on analogue tape recorders, even though such recorders are difficult
to find these days. Computers are now more generally used to interface the human to the
underwater sound world. Even though there have been analogue computers in the past,
modern computers are digital. It is therefore necessary to convert the analogue signal
from the hydrophone into a digital form suited for further processing by digital
computers.
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Digital data
Digital data are usually represented as binary numbers, that is, as a collection of binary
units (bits). A bit is a quantity that may take only two values, which are conveniently
described as zero and one. Eight bits are combined into a byte, which for most computers
is the reference quantity. Bits and bytes play an important role in modern computer
applications. Memory storage is measured in bytes, or better millions or billions of bytes,
(mega- or gigabytes, respectively); communication speed is expressed in megabits.

Digitizing analogue data is in principle nothing more than converting a real-valued
into a discrete number, that is, we maintain only the relevant part of the real number and
ignore all smaller contributions. We also do that continually in the real world where we
limit, for example, the result of a division to one, two or three decimal places.

Decimal notation of a real number
The following number is given in three different notations. The first notation uses two
decimals for the fraction smaller than one. The second notation also normalizes the whole
number and uses four decimals, but adds a term that corrects for the normalization. The
third term treats the real number as an integer and as a multiple of one hundred, that is, we
scale the number to the minimal accepted decimal.

314:15 ¼ 3:1415� 102 ¼ 31415

100
(10:18)

The example shows that in principle we can approximate a number by what is called
floating-point notation (the second notation in Equation 10.18) or as an integer notation
(the third notation in Equation 10.18). The constraints are only the number of digits
available. Numbers that may vary over a large scale are best described by the floating-
point notation, and numbers that are relatively constant or comparable are suited for
integer notation.

Binary notation
In general, we may express any integer number I according to

I ¼
XN�1

n¼0

dn10
n ¼

XM�1

m¼0

bm2
m (10:19)

where dn are the different decimal digits, and bm are the different binary bits.
The first encoding is the decimal notation taught in school, and the second encoding is

the binary encoding used by computers. Obviously, the number of digits N needed to
represent a given number is smaller than the number of bits M.

The maximal binary number is given when all bits are set to one and with

XM�1

m¼0

2m ¼ 2M � 1 (10:20)
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We note that a single byte (M = 8 bits) can therefore describe 256 numbers between 0 and
255. Bit b0 is also called the least significant bit and bit b7, the last of the eight bits, is
called the most significant bit.

The encoding shown in Equation 10.19 is fine if we only consider positive values, that
is, unsigned integers, but in general, integer numbers may also be negative. A simple
solution is to introduce a fixed offset, which is in the middle of the binary range, or given
by the most significant bit

I ¼ Iu � I0 ¼
XM�1

m¼0

bm2
m � 2M�1 (10:21)

To give a small example, Table 10.1 shows some numbers both in decimal and binary
format.

We note that we still can encode 256 numbers but they vary now from -128 to 127, and
that negative numbers are characterized by having the most significant bit always set to
one.

The binary floating-point format is a little bit more complicated than the binary integer
format and is defined by the IEEE 754–2008 standard, which in addition to the format
also describes the set of standard floating-point operations.

Dynamic range
The result of analogue–digital conversion is a binary number having some M bits. In
general, standard analogue–digital converters (ADC) generate integer numbers using 16
or 24 bits per sample (word size). The maximal number generated by the ADCs falls, for
the 16 bit converter, within the −32 768 to +32 767 and for the 24 bit converter within the
−8 388 608 to 8 388 607 range. As the smallest number is ±1, the theoretical dynamic
range corresponds to about 215 or 223, which translates to 90.3 dB or 138 dB,
respectively.

A more realistic dynamic range (DR) is defined as the ratio of the RMS full-scale
voltage to the RMS noise voltage of the converter in a certain bandwidth and is generally
specified in dB according to

DR ¼ 20� log
Vfsc

Vn

� �
(10:22)

Table 10.1 Decimal and binary format of integers

Decimal Binary

0 00000000
1 00000001

127 01111111
−1 11111111

−128 10000000
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where Vfsc is the full-scale voltage and Vn is the noise voltage.
In general, the dynamic range of the ADC is below themaximal attainable value given by

the word size of the ADC outputs. In particular, 24-bit ADC hardly ever exceeds a realistic
dynamic range of 120 dB, indicating that only the 20 most significant bits may be relevant
and the remaining bits are to be considered as electronic noise introduced by the ADC.

Data sampling
Analogue–digital conversion is in general carried out by sampling the analogue signal in
a regular fashion. Whereas an analogue signal is defined for times that vary continuously,
say t0 < t < t1, the output of the analogue–digital converter is defined for discrete times tn,
n= 0, 1, . . . , N − 1.

It seems logical that the sampled signal cannot show all the details of the original
analogue signal. I have already mentioned in Section 2.4.1 the Nyquist criterion, which
requires that the sampling frequency has to be higher than twice the maximum frequency
in the signal and if necessary, the data have to be lowpass filtered to remove all higher-
frequency content before sampling.

Figure 10.6 shows a simulated analogue sinusoidal signal of 40kHz (grey solid line) that
is sampled twice, first at a sampling frequency of 100 kHz (solid dotted line) and also at a
sampling frequency of 50 kHz (dashed line). The original signal shows four periods, and so
does the signal sampled at 100 kHz. In contrast, the signal sampled at 50 kHz shows only
one period, that is, the resulting frequency of the under-sampled signal is what is called
aliased: it does not correspond to the original frequency but to a frequency of 10 kHz.

Figure 10.6 Effect of sampling below Nyquist critical frequency.
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To avoid aliasing it is common to design the analogue front-end in such a way that not
only it introduces as little electronic noise as possible but also limits the bandwidth so that
the ADC operates at a sampling frequency that is at least twice the highest signal frequency.
Although a factor of two avoids aliasing, a better choice is to sample at three times the
highest frequency to improve the similarity between sampled and analogue signal.

Figure 10.6 may, however, be interpreted in a different way. For a sampling frequency
of 100 kHz, signals from 0 to 50 kHz are converted directly, according to

fout ¼ fin (10:23)

Signals from 50 to 100 kHz will be folded into the lower band of 0–50 kHz according to
the formula

fout ¼ fsamp � fin (10:24)

Assume that the signals of interest are in the upper band (50–100 kHz) and we have no
interest in the signals in the lower band (0–50 kHz); then wemay bandpass the data with a
50–100 kHz, or somewhat narrower bandpass filter, so that all information in the lower
band disappears, then a sampling frequency of 100 kHz results in a uncontaminated
spectrum, with the only difference being that the spectrum is now frequency-inverted:
what was 100 kHz now becomes 0 kHz, etc.

Equalization filter
In addition to noise considerations, the amplification of the analogue front-end should be
also matched to the dynamic range of the ADC. This is of particular concern in wideband
PAM applications, where the desire exists to detect low- and high-frequency signals
simultaneously, as about 68 dB of the dynamic range is already consumed by the dynamic
of the environmental noise, leaving only 20–50 dB for low-frequency signals. Stronger
signals in the low frequency range will result in saturation of the ADC and will inhibit the
detection of signals at higher frequencies, even if they were easily detectable otherwise.

One approach is to construct the amplifier stages in such a way that they gently
suppress the low-frequency components of the environmental sound field to equalize
the spectrum before entering the ADC stage. In this way, the full dynamic range of
the ADC may be used for sound signals more or less independently of the frequency.
As shown in the signal processing section (Section 4.2.1), a single-pole highpass filter
(6 dB/octave) with a cut-off frequency of up to 45 kHz could be considered useful to
equalize the spectrum on the hardware side. The implicit R−C combination connecting
the hydrophone with the preamplifier could, in principle, be used for implementing such
a single-pole highpass filter. However, Figure 10.5 indicates that for the preamplifier a
trade-off exists between suppressing environmental noise at lower frequencies and the
sensitivity of the system to hydrophone system noise, so this equalization has to be
designed carefully, using multiple amplification steps. For example, simply reducing R1

from 1.5MΩ to 15 kΩ to increase the highpass cut-off frequency by a factor of 100 would
have the consequence that the thermal noise of R1 would exceed the received environ-
mental noise below 1 kHz.
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10.1.5 Non-acoustic sensors

Whereas a simple underwater sound listening system may consist only of a hydrophone
and some electronics, real PAM systems require, in addition to the acoustic sensors, some
non-acoustic sensors. Depending on the PAM operation, if the hydrophone is moving or
stationary, the sampling rate for digitizing these non-acoustic sensors may be low and
will hardly ever exceed 10Hz.

Depth sensor
The depth sensor is, after the hydrophone, the most important sensor. Measuring the
depth of the hydrophone allows a better interpretation of the underwater sound. In
particular, in the presence of multi-path arrivals of the sound (Section 6.3), knowledge
of the hydrophone depth allows range and depth estimation of the acoustically active
whale or dolphin.

Compass
Combining two or more hydrophones into an array requires orientation sensors to
determine the actual orientation of the hydrophone array. Magnetic compasses are
standard but deserve some care during the operation. Degaussing of the compasses
should be done regularly before deployment, and ferrous materials should not be used
in the vicinity of the compass to avoid disturbances of the earth’s local magnetic field.

Inclination sensor
Compasses are not the only useful orientation sensors for PAM applications. In cases
where the hydrophone array covers a vertical range, e.g. if we have a vertical or even a
volumetric array, then we need a sensor that measures the inclination of the array. This
may be done with accelerometers that measure the orientation of the sensor with respect
to earth gravity. Inclination sensor and compass are very often integrated into a digital
compass, allowing the estimation of pitch, roll and heading of the array.

Temperature sensor
Depth sensors, compasses and inclination sensors are important instruments for range
and depth estimation of acoustically active whales and dolphins. While not strictly
necessary for this task, an additional temperature sensor may be very useful to monitor
the environmental conditions during PAM operation. We have seen earlier on that sound
propagation is easily influenced by variations in water temperature. It therefore makes
sense to complement the acoustic receiving system not only with orientation and depth
sensors, but also with a temperature sensor.

10.2 Software

Using computers to acquire and process underwater sound also means using software.
The development of PAM software is still a work in progress and is evolving from
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specific passive acoustic applications developed by researchers for their own fieldwork.
As such, different approaches exist that use different hardware and computer languages.
Recent developments in computer science and the dramatic improvements in processing
power allow, in principle, the implementation of PAM software on an individual basis. Of
course, adapting existing software, especially if developed as open source, to one’s own
needs is always more efficient than programming the whole software package from
scratch.

All passive acoustic systems share, in theory, the same concept. Practical implemen-
tation may differ, mainly due to the possibilities for individual developers to program
shortcuts in the otherwise general system concepts.

An important factor for the actual implementation is the computer language that is
used to encode the PAM software. Whereas in the early years bioacoustic programs were
coded in machine language, nowadays there is a variety of choices available. In the end,
what counts is that the developer feels comfortable with the language and does not run
into conceptual barriers. Small PAM systems may be programmed in any language, even
using Matlab, which is efficient in signal processing but not so good for modular
programming. Large modular programs are best programmed with languages that are
intended for the development of large systems.

10.2.1 Data acquisition module

Most modern software is designed and developed to be modular and for PAM systems the
data acquisition module plays a central role. It is the only module that has some strict time
constraints, as it must guarantee that all data converted by the ADC are captured by the
computer and made available to the other PAM modules.

The data acquisition module should be programmed as efficiently as possible to load
all acoustic data into memory and to allow the computer to process the acquired data.
Parallel processing is key to the implementation of a useful data acquisition module.
Most data capture hardware, be it analogue sound cards or digital interfaces, feature their
own DMA (direct memory access) that may transfer the input data directly into memory
without use of the computer’s CPU. Alternatively, the presence of multiple CPUs in the
computer, or multiple networked computers, would allow one CPU, or one computer, to
be dedicated to data acquisition.

In any case, a data acquisition module would concentrate on the transfer of input data
into memory and would ignore what is done with the data. The interaction with the
acquisition module should be as limited as possible to minimize unforeseen conflicts.
Ideally, the data acquisition module would send messages to the PAM control module
that a predefined amount of data is available for processing, and would only receive
messages from the PAM control module that start and stop the data acquisition.

A key feature in the data acquisition module is the existence of multiple data buffers to
allow concurrent acquisition and processing. Using two data buffers, where one is
usually called ping and the other called pong, allows the processing of the data in the
pong buffer while the acquisition module fills in the ping buffer. After having filled a
buffer, the acquisition module signals to the PAM controller the availability of this buffer,
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and continues to fill the alternative buffer. The processing module and all other modules
are only allowed to access the buffer that is not used by the acquisition module. To
maintain real-time functionality, all data consumers, that is, all modules that read the
acquisition buffers, must be finished with the processing before the acquisition module
requires write access to the buffer. At any given time, an acquisition buffer is always in
exclusive use, either by the acquisition module (the producer) or by the consumers, but
not by both.

Using two acquisition buffers requires that the consumers always process the data
faster than the producer can fill up the buffers. In general-purpose computers this may not
be guaranteed, owing to activities that are not related to the PAM software and that may
from time to time delay the processing significantly. To overcome this latency problem
the double buffer concept is extended to a multiple circular buffer system. The acquis-
ition module fills up one buffer after the other and signals to the PAM control module
which one it has filled and which it is actually writing to.

As the data acquisition module should ideally run in parallel to the remainder of the
PAM software, inter-module communication is of importance. Two types of information
are relevant to the functionality of the PAM system. The first one is the identification of
the buffer to which the acquisition module is currently writing, in order to avoid access by
other PAM modules. The other type of information contains data that are specific to the
acquisition module, but are relevant to the other PAM modules, such as timestamp of
acquisition, or number of samples actually acquired. This additional information may be
added as a header to the acquired input data, or be placed as a message in a message
queue.

10.2.2 Data archiving module

While the data acquisition module interfaces with the data source and is therefore central
to every PAM system, the data-archiving module ensures that the precious data are not
lost in memory but are available after the PAM operation for further analysis. The quality
and quantity of data that should be archived vary with the type and objective of PAM
activity and the performance of the PAM system.

The simplest PAM system will archive all raw input data without any further process-
ing. Such a system may run completely autonomously, and the absence of an operator
eliminates the need for sophisticated signal and display processing. Signal detection and
data analysis will then be done in a second phase after retrieval of this autonomous PAM
system. Such an approach is easy to implement but finds its limit in the available storage
capability. Fortunately, the capacity of permanent storage is increasing continuously,
allowing more and more continuous archiving of raw input data.

The amount of storage required for continuous archiving depends mainly on the
number of hydrophones, the sampling rate, and the word size of the ADC. Four hydro-
phones, sampled at 192 kHz with 24 bit ADC resolution, generate a continuous data flow
of 2.3 Mb/s and require a permanent storage of 200 Gb/day. A continuous month-long
PAM activity will result in an overall storage requirement of 6 Tb. This requirement is
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nowadays not out of reach, at least for desktop applications, but is still somewhat
demanding for low-power long-endurance autonomous systems.

Traditionally, data were archived on tapes and other magnetic media. In recent years,
hard disks have taken on the role of archiving media; they allow random and therefore
easier access to the archived data than magnetic tapes, which can only be accessed
serially. However, traditional hard disks require benign environments: they are in general
shock-sensitive, and are to be handled with care. Solid-state disks are a good alternative
as they have no moving parts but they still lack the huge capacity available on traditional
hard disks.

The data-archiving module should handle not only the data from the data acquisition
module, but also processed data from the signal processing modules. If required, the raw
and processed data that are ready for archiving should be buffered in a similar way as
done with the data acquisition. This would allow time to bridge delays due to temporary
unavailability of disks, e.g. during initial disk spin-up.

When programming the data-archiving module it is appropriate to implement a replay
capability, allowing seamless access to archived data during post-processing. Switching
the data source from acquisition mode to replay mode is not only a convenient feature
during software development, but also facilitates the analysis of results and performance
assessment of the PAM system.

10.2.3 Signal processing modules

While some applications do not require elaborate signal processing, all modern PAM
systems allowmore or less complex signal processing as discussed in Part II of this book.
Generally, we may characterize the signal processing according to the generality of the
implemented algorithms. Very general-purpose algorithms, e.g. estimation of spectro-
grams, are found in all acoustic software packages. More specific algorithms, e.g. click
detector, or whistle detector, are more specific to cetacean research; and some techniques,
e.g. localization and tracking algorithms, are specific to particular PAM implementations
and require particular hardware.

All signal-processing modules have in common that they transform a dataset from one
form into another. With properly designed interfaces, the different modules can then be
chained together to perform more or less complex tasks. This serial mode of operation is
common in simple computer systems but requires a strict linear dependency. For
example, implementing a complete DCLT algorithm (detection, classification, localiza-
tion and tracking) in a serial fashion does not allow the use of multi-paths for detection or
classification, at this information belongs to the localization module and is therefore only
available after detection or classification.

Overall, the signal processing modules should be programmed in such a way that they
do not block the PAM operation and that the signal processing is carried out in the
allocated period. This is more or less equivalent to the requirement that all software
modules must implement sufficient error handling for easy avoidance of undesired
situations. For example, if the detection threshold of a click detector is too low, generat-
ing too many false alarms, so that the classifier or tracker will overrun the allocated
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processing time, then it may be better either to skip this dataset or to adapt the detection
threshold to allow timely classification or tracking. The classification module must
therefore handle the error situation (running out of time) and signal to the PAM controller
to handle the missing classification results and if necessary to increase the detection
threshold.

Using multiple CPUs for signal processing is interesting and challenging at the same
time. This is especially due to the need to synchronize the different activities or
processes, so that a process can wait for the availability of relevant data that are produced
by another parallel process. Inter-process communication has always been important in
parallel processing on mainframe computers and is nowadays also of interest in PAM
software running on multi-core desktop or single-board computers.

It seems therefore intuitive that the implementation of complex signal processing
algorithms in a general-purpose and flexible PAM system is very demanding and that
most existing PAM software implementations tend to be specific to the applications or
research preferences of the developer. As more and more software becomes available,
programmatic consolidation of the signal processing techniques may be needed.

10.2.4 Display modules

Display software is both an art and a key to the success of human-oriented PAM software,
as it is the graphic presentation of the PAM results that must meet the expectation of the
human operator in order for a PAM system to be acceptable. Overall, displays should be
intuitive and present only the information that is needed by the operator to carry out the
PAM operation. Unfortunately, the information to be displayed depends on the function-
ality and complexity of the signal processing modules and the integration of the operator
in PAM processing.

Most PAM displays feature a spectrogram display for one or more hydrophones, in
which two modes are possible. Some displays keep the actual time always at the same
screen location and scroll the history either horizontally or vertically, depending on the
orientation of the time axis. Alternatively, the display keeps all data at a fixed screen
location, with the consequence that the newest data are presented in a circular way,
always overwriting the oldest data on the screen. Experience shows that if the operator
needs to look carefully at spectral features, it is better to keep the spectrogram fixed and to
have the latest update at a moving position. In addition, scrolling spectrograms require a
fairly high update rate to avoid jerky movements of the whole spectrogram.

Although display modules are in general output-only, displaying results of the signal
processing modules, some display activities require operator interaction. Two input
modes are common with desktop computers: input using the mouse pointer and input
via the keyboard. As with all MMIs (man–machine interfaces) the objective should be to
provide the necessary flexibility with a minimum of confusion. In this sense, it is useful to
follow the MMI concepts of successful commercial software, using similar menu setups,
keystrokes and mouse operations.

A successful display will maximize the space for the most important graphics and will
defer less frequently used information to secondary display panels that are in general
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hidden and only visualized on demand. Nevertheless, a PAM display differs from general
acoustic analysis software and should not allow the operator to hide the primary PAM
display completely with secondary graphics as long as the data acquisition continues and
the risk exists that important events may be missed. For example, if one is trying to detect
rare beaked whale events on the spectrogram, then covering the spectrogram with a map
or a geographic information system (GIS) display only to see where the ship is, may
jeopardize the PAM objective. Multiple screens on the same computer provide an easy
solution to the increasing need for display space by complex PAM software.

10.2.5 Monitoring module

Although processing acoustic data and displaying the results of the signal processing
modules are among the main tasks of a PAM system, the monitoring aspect adds an
additional layer by relating the acoustic acquisition system to an overarching objective,
the monitoring of whales and dolphins. It is therefore intuitive to add a special module to
the basic acquisition, processing and display system that addresses the needs of the
monitoring objective. Monitoring, in this context, is best described as the localization and
tracking of cetaceans, that is, assigning time–space attributes to detected animals.

A convenient way to deal with this monitoring aspect is to use a common data layer, or
format, which satisfies the monitoring requirement and is practicable for the PAM
system. One such method is to geo-reference the PAM observations and to make them
suitable for use in a standard GIS. Geo-referencing requires, in addition to the processing
of acoustic data, also the acquisition of the location of the PAM system. The method of
choice is to use GPS to determine the location of the PAM system and to use the different
localization techniques (Chapter 6) to determine the absolute location of the species of
interest. The approach seems similar to monitoring methods employed during visual
monitoring. The only difference is that not all PAM implementations are capable of
determining the absolute location of the acoustically active animal, complicating the use
of PAM information for cetacean monitoring.

As a minimal requirement, PAM systems should provide for manual logging of
acoustic events by the operator. A signal-processing module may support this task by
carrying out routine calculations, either on demand or automatically. A useful aid in this
context is a small geographic display that automatically shows possible locations,
allowing the operator to select the most likely solution interactively.

We have seen that the detection function plays an important role in PAM applications.
It is therefore very useful for improved PAM analysis to collect and present environ-
mental data and to visualize the acoustic propagation conditions. A simple-to-use
propagation model and the associated database of environmental parameters should
therefore be part of the PAM system.

Finally, the actual state of the art in PAM systems still needs the presence of the
operator for final decisions, and assigns a supporting role to the PAM software. The
overall development goal, however, is that the different signal processing components
evolve to provide not only robust DCLT but also reliable monitoring capabilities. Only
when the need for operator intervention is minimized will automated PAM systems
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become state-of-the-art. For the time being, such operator-less systems still remain the

goal of most PAM development.

10.2.6 PAM control module

At the end of the description of PAM software, it is important to mention the backbone of

the entire PAM, the control module. This control module is generally an efficiently coded

task controller ensuring that the overall system runs smoothly and that error conditions

are assessed and handled properly. The control module handles further all interprocess

communication and should be the only interface to start and stop the different PAM

modules. If convenient, the implementation of the control module may use the function-

ality of an existing operating system.

10.3 PAM implementations

Passive acoustic monitoring is carried out with more or less complex systems. The

systems may be adapted to human operators or even rely on the capacity of the human

brain, or may function completely autonomously.

10.3.1 Lowered hydrophones

The simplest PAM system is a single hydrophone that is lowered from a boat to listen to

whales and dolphins. Most researchers that are interested in cetacean sounds have used

this approach at least once. It is easy to implement and requires only a minimal amount of

hardware and hardly any software. A hydrophone with an electronic amplifier that will

make the sound audible in headphones is all that it needs to get started, but is very often

also all that one has available.
If the system is completely adapted to the human ear then it is clear that only audible

sound may be detected. If one wants to extend the frequency coverage into the ultra- or

infrasonic range, a computer is desirable to visualize the whole spectrum in the form of a

spectrogram, or to convert ultra- or infrasound to an audible frequency range. A bat

detector is one such electronic device that makes ultrasonic bat clicks audible; similar

devices have been conceived for detecting the presence of harbour porpoises (e.g.

Thomsen et al. 2005).
Single lowered hydrophones may be used in certain circumstances to determine the

range of the acoustically active cetaceans, that is, ranging is possible when sufficient

multi-path sound arrivals are detectable. If multiple hydrophones are lowered from a ship

or boat, e.g. in the form of a vertical array or a compact volumetric array, than ranging

becomes much easier, as demonstrated in Chapter 6. The presence of a depth sensor (and

orientation sensors in arrays) are then important features of the hydrophone array.
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10.3.2 Towed arrays

While lowering hydrophones over the side of a stationary ship or boat has minimal
requirements on the shape of the system, towing hydrophones needs some hydrodynamic
considerations. Bulky hydrophone configurations will generate significant drag, not only
making it difficult to deploy the hydrophones at the desired depth, but also necessitating
stronger tow cables to withstand the drag forces.

In general, towed arrays are implemented as line arrays, where the hydrophones are
positioned serially inside an oil-filled plastic tube (usually made of polyurethane). The
length of the towed array and the number of hydrophones is variable and application-
dependent. Arrays that are optimized for low-frequency applications may be very long;
arrays used typically by bioacoustic researchers tend to be relatively short. In general,
array length is measured in terms of shortest useful wavelength, or highest frequency.
This is mainly because the angular resolution of a line array is determined by the array
length relative to the wavelength of the frequency of interest. The longer the array in
terms of wavelength, the more precisely one may determine the direction from which the
sound arrives. For sonic frequencies (say up to 15 kHz) an array of, say, 9m length may
achieve an angular resolution (3 dB beam width) of about 0.6° (53° λ/L). This maximal
angular resolution is only achieved for this high frequency, and only if the sound arrives
from broadside, that is, 90° with respect to the line that forms the array. It is interesting to
note that the angular resolution does not depend on the number of hydrophones but only
on the overall length perpendicular to the direction of sound propagation, with the
consequence that the maximal angular resolution of the array may be achieved with
only two hydrophones, one at the beginning and one at the end of the array. The purpose
of using multiple hydrophones in a towed array is mainly to carry out beam-forming
(Chapter 6.9) to filter the ambient noise spatially.

Conceptually, a towed array consists not only of the hydrophone section, but also of a
tow cable that connects the hydrophone section to the ship. The tow cable is in general
much longer than the hydrophone section in order to lower the hydrophones to the
desired operational depth. The length of the tow cable is determined effectively by
the desired array depth and the speed of the tow vessel, because the faster the array is
towed, the longer the tow cable must be to maintain the same operational depth. As long
tow cables tend to vibrate, it is important to decouple the tow cable from the acoustic
section. This is usually done by inserting, between tow cable and hydrophone section,
what is called a VIM (vibration isolation module). A typical VIM is made similarly to the
hydrophone section, but without any acoustic sensors. Its only purpose is to pass all
electric cables, or optical fibres, from the tow cable to the hydrophone section and to
absorb all vibration that may come from the tow cable. To straighten the array, it is
common to attach at the end of the acoustic section a rope drogue. Finally, a towed array
is designed to be neutrally buoyant and to stay horizontal at most operational speeds.

So far most towed arrays are analogue arrays, that is, each hydrophone is pre-amplified
and passed as an individual element through a multi-wire tow cable to the tow ship,
where all hydrophone channels are interfaced to an analogue acquisition system. This
is economical only for a small number of hydrophones, also because strengthened
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multi-channel tow cables and underwater connectors are rather expensive. An alternative
solution is to add an ADC to each hydrophone or group of hydrophones to convert the
analogue signal already inside the array to a digital data stream. These digital data
streams may then easily be multiplexed and sent over a single line, copper or optical,
to the tow ship. The price of this cost reduction, however, is the loss of flexibility in
selecting the characteristics of the equalizing and anti-aliasing filters and the sampling
frequency. While the flexibility of an analogue array is a desired feature in bioacoustic
research, it may not be as important in PAM applications, allowing the implementation of
cleverly designed digital arrays.

Towed arrays with at least two hydrophones allow direction finding. It is therefore
desirable to have, close to the acoustic section, not only a depth sensor but also a heading
sensor. Most depth and heading sensors are available with built- in ADC and when added
to an analogue array care must be taken that standard high-voltage digital wires do
not interfere electrically with the low-voltage analogue signal (normally of the order of
10–3 V). An all-digital approach could be used to avoid this electrical crosstalk in the tow
cable.

10.3.3 Acoustic buoys and autonomous systems

Although towed arrays are the only viable implementation for PAM systems that use
moving ships, acoustic buoys and autonomous systems are becoming more and more
interesting for PAM applications. Compared with optical systems, PAM is a low-data-
rate system and therefore suited for unattended operations. Furthermore, most optical
systems require light, whereas acoustics work day and night. Night-vision devices,
whether based on low-light amplification or on infrared, are in principle possible, but
so far technologically more demanding than purely acoustic systems. Even if automatic
PAM system are still in their infancy, the need for large-scale monitoring of whales and
dolphins will inevitably result in autonomous acoustic systems, for which acoustic buoys
are a promising tool.

Sound-receiving buoys (sonobuoys) have been used for quite some time by the
military. The concept is straightforward: sonobuoys relay the sound received by a single
hydrophone via radio to a nearby receiver. The analogue signal is then processed in the
traditional way. At the end of the lifespan of the power supply, the sonobuoy sinks to the
bottom of the ocean. In that sense, sonobuoys are disposable wireless hydrophones.
Being produced for military applications, sonobuoys are not widely available or even
specified in detail to be useful for civilian PAM applications.

The development of microelectronics in recent years allows the implementation of
affordable multiple-use acoustic buoys with built-in signal processing capability. These
systems are programmable and may be set up to execute standard DCLT tasks but may
also be conceived to support the monitoring objective of the PAM application. An on-
board DSP (digital signal processor) may accommodate all the modules that a desktop-
based PAM system also implements. Only the display part is not necessary in an
autonomous system, for obvious reasons.
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In addition to the challenges when implementing a successful PAM system, the
developer of autonomous systems is faced with some severe constraints. Foremost,
processing power and data storage capacity are limited. This is mainly due to spatial
limitations, due to reduced availability of energy, but also due to the adverse environ-
mental conditions where the autonomous PAM system is employed.

Using PAM systems at depth, say 100m or even 1000m, either requires a pressure
housing capable of withstanding 10 or 100 atmospheres, or needs to be oil-filled. Oil-
filled systems are a clever way to mitigate the pressure issue, but require a careful
selection of the components: for example, they cannot contain hard disks or devices
that work only in air.

Acoustic buoys may be implemented in a variety of forms. They may be free-floating
on the surface, or completely submerged without any connection to the surface, but they
may be also bottom-moored. Submerged buoys may be designed to stay at a predefined
depth or they may move up and down the water column.

Even if we are interested in underwater sound, there are a few reasons why a buoy
should be on the surface. One reason is to be able to transmit data or results via radio or
telephone to the user, another reason is to collect energy (e.g. solar or wave energy) to
extend the lifespan of the on-board battery. However, any surface expression of a buoy
poses a risk to the integrity of the system, not only of being overrun by surface ships, but
also of being damaged by the forces of heavy seas.

Acoustic buoys are well suited to applications that prefer stationary PAM systems or
allow the PAM system to drift with the current. If a larger part of the ocean should be
monitored, and if survey time does not play a big role because the animals are assumed to
stay in the area during the survey time, then the PAM system may be placed on slow-
moving platforms that are optimized for very low power consumption. Underwater
gliders, for example, are cost-effective underwater vehicles that move vertically up and
down in such a way that, at the same time, they gain horizontal distance. Some surface
systems, e.g. wave gliders, exploit wave energy to move around, or stay in a small area
and provide at the same time solar energy to the PAM payload. Staying all the time on the
surface, such platforms provide the opportunity to use GPS for precise localization of the
platform and enable radio communication to transfer relevant acoustic and PAM status
information.

All these new PAM platforms provide only limited space and energy compared with
ship-based applications. They offer, however, the opportunity to carry out PAM oper-
ation over long periods and in environments that are not easily accessible. Even though
they are not expendable, autonomous PAM systems are a low-cost alternative to ship-
based PAM, which may become very expensive, especially for large-scale monitoring
activities that last over weeks or months. A drawback of autonomous PAM systems with
surface expression is the vulnerability to ship strikes, requiring that autonomous PAM
systems are either affordable enough to be lost, or are equipped with radar reflectors or,
better, an AIS (automated identification system) that allow easy localization by approach-
ing vessels. Using AIS in combination with autonomous PAM systems allows the
implementation of cetacean warning systems signalling the presence of cetaceans,
when necessary.
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10.4 The future of PAM

In recent years, passive acoustic monitoring of whales, dolphins and porpoises has
received increased attention from scientists, funding agencies and policy makers.
Much of this interest is based on the observation that cetaceans use sound to make
their living; passive acoustics is an appropriate tool for detecting cetaceans and monitor-
ing their behaviour. The interest is further driven by the expectation that PAMmay in the
near future be operated completely autonomously; this will reduce costs and overcome
limitations that are usually attributed to visual detection that requires human observers.

Even though the term PAM is widely used in the scientific community, the monitoring
aspect is not very well developed, at least when dealing with cetaceans, and it would be
more appropriate to characterize the existing scientific activities as passive acoustic
detection (PAD). PAD has always been a part of cetacean research where scientists
have deployed hydrophones to characterize acoustic activities of whales and dolphins,
or where scientists have used small towed arrays to detect submerged cetaceans to
complement visual survey operations. Although the monitoring aspect of PAM is
based also on detection, it is more demanding in terms of classification, localization
and tracking. PAM requires persistent operation, which may be done by human operators
but is better performed by autonomous systems, which are more cost-effective and whose
performance can be objectively specified.

Recent advances in electronic engineering and signal processing have resulted in
passive acoustic systems that are capable of archiving data of interest for further analysis
of cetacean activity (archival buoys and tags), or that relay, in near real-time, simple cues
to the behaviour of cetaceans (satellite tags). One should expect that in the future the
different paths will merge together, resulting in an intelligent autonomous PAM system
that not only detects but also classifies cetaceans, localizes and tracks their behaviour, and
which may even be capable of adapting the mode of operations to the behaviour of
monitored species.

An intelligent autonomous PAM system will be capable of persisting over multiple
temporal scales of interest (at least a year), will report regularly on its status even without
cetacean activity, will detect and classify multiple species and assess the animals’
behaviour by localizing and tracking their motion, will report salient information using
modern communication tools to allow human intervention when deemed necessary, and
will be cost-effective to facilitate widespread, redundant and networked use, tolerating
some failing systems. In other words, future PAM systems will be at the same level of
technology as modern high-tech computerized cellphone devices, except that instead of
inter-human chat they will collect and relay information on whales, dolphins and
porpoises.
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